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EXTENDED ABSTRACT (eng)

The socio-economic development of humankind has always required connect-
ing routes, and technological development has led to the construction of increasingly
complex and extensive transportation networks. One of the most critical components
of roadway and railway networks is represented by bridges and viaducts and recent
chronicles have shown the potential economic losses and the possible casualties oc-
curring after their collapse. Taking ltaly as a reference, a virtuous example on the prin-
ciple of prevention is the new guidelines (IG) issued in 2020 for the structural safety of
existing bridges. The 1G propose a comprehensive multi-level strategy to be applied on
the national bridge stock, to identify structures exhibiting the most critical conditions
and, for such cases, implement appropriate monitoring and maintenance strategies
(e.g., service limitations, demolition/reconstruction).

Although effective for both bridge risk classification and assessment a national scale,
and the rational administration of resources, |G propose traditional monitoring proce-
dures (necessary and hardly replaceable), involving time- and cost-consuming activi-
ties. These characteristics make them difficult to apply on a large scale in a short period
of time given the existence of tens of thousands of facilities. Indeed, during their service
life, bridges and viaducts are subjected to actions (e.g., combination of traffic and dead
loads), natural hazards, environmental conditions and phenomena inducing displace-
ments, material degradation and structural decay (e.g., steel rebar corrosion, spalling
in concrete elements, bearing malfunctioning) that affect their safety and functionality.
The |G emphasise the need for a continuous monitoring of these structures opening up
the possibility of using cutting-edge technologies. Focusing on the most spread bridge
typology in Italy, that is single/multi-span simply supported concrete girder bridge both



reinforced (RC) and prestressed (PSC) concrete, and on the objective to employ cost-
effective technologies for large scale near-continuous structural risk assessment of
these structures, Interferometry via satellite-based Synthetic Aperture Radar (InSAR),
Unmanned Aerial Vehicle (UAV) photogrammetry and Machine Learning (ML) are in-
vestigated among the emerging technologies in the field of civil engineering.

The first Chapter discusses InSAR algorithms that exploits large-scale complex images
acquired remotely at discrete time intervals (near continuous). Such images are char-
acterized by few meters resolution, and their processing allows reconstructing dis-
placement time series of scatterers associated with parts of man-made structures with
millimetre accuracy. Considering the integration of INSAR data with poor structural in-
formation and other easily accessible data, and simple static schemes describing the
bridge behaviour under service conditions, a structural risk early-warning framework is
proposed. Displacement time series characterizing bridge vertical and longitudinal axis
are compared with appropriate thresholds activating potential early warnings aimed at
supporting road managers in undertaking future surveillance actions based on the rec-
ognized displacement scenario. As a main advantage, the proposed framework pre-
sents a standardized and scalable series of steps, enclosed in a Python module, to
apply for the purpose of large-scale monitoring. Its effectiveness as early-warning sys-
tem is demonstrated through the application on two case-studies affected by different
pathologies (e.g., increasing material degradation/gravity loads, differential displace-
ments and subsidence). Regardless the simplifications introduced in the framework
and its applicability on a single bridge typology this is one of the fewest examples in
the scientific literature on the use of INSAR data for structural interpretation of remote-
sensed displacements. In addition, to facilitate the application of the framework by
practitioners and spread the use of monitoring using SAR data, BAS-MTInSAR, a user-
friendly GIS plugin with a graphical user interface, is developed.

In the second Chapter, UAV photogrammetry is proposed as a dual cost-effective tech-
nology to INnSAR for bridge assessment. Indeed, while INSAR data is used to monitor
structural displacements at millimetre scale, UAV photogrammetry through Digital Sur-
face Models (DSMs) is exploited to compensate for the absence of scatterers in the



surroundings of the structure. DSMs can be used to evaluate vertical displacements in
the surroundings of a focused structure for geo-hazard monitoring purpose (e.g., sub-
sidence). Considering the centimetre accuracy obtained through DSM, and thus the
difference in accuracy between the two monitoring techniques, a probabilistic frame-
work based on statistical distributions of the spatiotemporal velocities of both is pro-
posed. Statistical distributions, evaluated towards predefined limit states to compute
their probability of exceedance, are classified under different scenarios to reveal the
occurrence of possible subsidence phenomena in the structure surrounding and their
possible interaction with it. The proposed methodology is firstly validated on the
Pomarico landslide and later tested on one of the simply supported bridges evaluated
in the previous Chapter for risk prediction. From its application, a satisfying capacity of
providing warnings to employ in risk mitigation plans is found, although a qualitative
and not quantitative information on the geological risk affecting the focused structure
is given.

In the last Chapter the focus is no longer on the use of remote sensing techniques for
structural risk assessment of bridge portfolios, but on the use of a sensor-based sys-
tem for the same objective. In particular, the prestressing force reduction is discussed
among one of the most important degradation phenomena affecting prestressed con-
crete bridges. Literature SHM sensor-based systems struggle in pointing out the reduc-
tion of prestressing force, especially in case of unbounded tendons inside box-girder
bridges. Among these systems, strain-gauges and ML regression algorithms could be
combined to achieve this goal. Also in this case, a framework is proposed accounting
for the combination of a ML surrogate model with sensor-based measurements. Artifi-
cial Neural Network, Random Forrest Regressor and Support Vector Regression algo-
rithms are trained on sample data generated from a nonlinear modelling approach con-
sidering mechanical and geometrical characteristics of the bridge deck. The proposed
modelling strategy represent a trade-off between computational effort and accuracy,
which represent an important requirement when dealing with the generation and analy-
sis of thousands of models. This result was achieved by numerically validating vertical
displacements recorded from an experimentally tested scaled PSC box bridge. The



results of the best ML surrogate model, selected considering statistical metrics, are
discussed through an eXplainability approach to identify new insights which could be
used in the design of an optimized sensor-based SHM. The framework is applied on a
scaled PSC box bridge experimentally tested in the ICITECH laboratories of the Univer-
sitat Politecnica de Valencia.

Keywords

Existing Bridges, Bridge Assessment, Structural Risk, Reinforced Concrete
Bridges, Prestressed Reinforced Concrete Bridges, Cutting-edge Technologies, Multi-
Temporal Interferometry Synthetic Aperture Radar, Unmanned Aerial Vehicle, Photo-
grammetry, Machine Learning.



EXTENDED ABSTRACT (ita)

Lo sviluppo socio-economico dell'umanita ha sempre richiesto vie di collega-
mento e lo sviluppo tecnologico ha portato alla costruzione di reti di trasporto sempre
piu complesse ed estese. Una delle componenti piu critiche delle reti stradali e ferro-
viarie é rappresentata da ponti e viadotti e le cronache recenti hanno mostrato le po-
tenziali perdite economiche e le possibili vittime che si verificano in seguito al loro
crollo. Prendendo come riferimento I'ltalia, un esempio virtuoso sul principio della pre-
venzione é rappresentato dalle nuove linee guida (LL.GG.) emanate nel 2020 per la
sicurezza strutturale dei ponti esistenti. Le LL.GG. propongono una strategia globale
multi-livello da applicare al parco ponti nazionale, per identificare le strutture che pre-
sentano le condizioni pit critiche e, per questi casi, implementare adeguate strategie di
monitoraggio e manutenzione (es., limitazioni di servizio, demolizione/ricostruzione).
Sebbene siano efficaci sia per la classificazione e la valutazione del rischio dei ponti su
scala nazionale, sia per 'amministrazione razionale delle risorse, le LL.GG. propongono
procedure di monitoraggio tradizionali (necessarie e difficilmente sostituibili), che com-
portano attivita dispendiose in termini di tempo e di costi. Tali caratteristiche le rendono
difficilmente applicabili su larga scala in tempi brevi data I'esistenza di decine di migliaia
di strutture. Infatti, durante la loro vita utile, i ponti e i viadotti sono soggetti ad azioni
(ad esempio, combinazione di carichi di traffico e carichi morti), pericoli naturali, con-
dizioni ambientali e fenomeni che inducono spostamenti, degrado dei materiali e deca-
dimento strutturale (es., corrosione delle armature, espulsione del copriferro, malfun-
zionamento degli apparecchi di appoggio) che ne influenzano la sicurezza e la funzio-
nalita. Le LL.GG. sottolineano la necessita di un monitoraggio continuo di queste strut-
ture, aprendo la possibilita di utilizzare tecnologie all’avanguardia. Focalizzando



I'attenzione sulla tipologia di ponte piu diffusa in Italia, ovvero i ponti a travata sempli-
cemente appoggiati in calcestruzzo armato (RC) o precompresso (PSC), e sull'obiettivo
di impiegare tecnologie economicamente vantaggiose per una valutazione del rischio
strutturale quasi-continuo su larga scala di queste strutture, tra le tecnologie emergenti
nel campo dell'ingegneria civile sono state prese in esame I'Interferometria satellitare
Radar ad Apertura Sintetica (InSAR), la fotogrammetria con veicoli aerei senza pilota
(UAV) e I'apprendimento automatico (ML).

Nel primo capitolo vengono discussi gli algoritmi INSAR che sfruttano immagini com-
plesse di grande estensione acquisite da remoto ad intervalli discreti di tempo (quasi-
continuo). Tali immagini sono caratterizzate da una risoluzione di pochi metri e Ia loro
elaborazione permette di ricostruire le serie temporali di spostamento degli scatterer
associati a parte delle strutture antropiche con una precisione millimetrica. Conside-
rando l'integrazione dei dati INSAR con informazioni strutturali e altri dati faciimente
accessibili, e semplici schemi statici che descrivono il comportamento del ponte in
condizioni di esercizio, viene proposto un quadro di allerta precoce del rischio struttu-
rale. Le serie temporali di spostamento che caratterizzano l'asse verticale e longitudi-
nale del ponte sono confrontate con soglie appropriate che attivano potenziali allerte
precoci volti a supportare i gestori delle strade nell’'intraprendere azioni di sorveglianza
sul funzionamento del ponte in base allo scenario di spostamento riconosciuto. Come
vantaggio principale, il quadro proposto presenta una serie di passaggi standardizzati
e scalabili, racchiusi in un modulo Python, da applicare ai fini del monitoraggio su larga
scala. La sua efficacia come sistema di allerta precoce & dimostrata attraverso I'appli-
cazione a due casi studio affetti da diverse patologie (es., crescente degrado dei mate-
riali/carichi gravitazionali, spostamenti differenziali e cedimenti). A prescindere dalle
semplificazioni introdotte nel quadro e dalla sua applicabilita a una singola tipologia di
ponte, questo & uno dei pochi esempi nella letteratura scientifica sull'uso dei dati INSAR
per l'interpretazione strutturale degli spostamenti rilevati a distanza. Inoltre, per facilitare
I'applicazione del framework da parte dei professionisti e diffondere I'uso del monito-
raggio tramite dati SAR, é stato sviluppato BAS-MTInSAR, un plugin GIS di facile utilizzo
con interfaccia grafica.



Nel secondo capitolo, la fotogrammetria UAV viene proposta come tecnologia duale ed
economicamente vantaggiosa rispetto ai dati InNSAR per la valutazione dei ponti. Infatti,
mentre i dati INSAR vengono utilizzati per monitorare gli spostamenti strutturali su scala
millimetrica, per compensare |'assenza di scatterer nell'ambiente circostante la struttura
viene sfruttata la fotogrammetria UAV attraverso i Modelli Digitali di Superficie (DSM).
Questi ultimi possono essere utilizzati per valutare gli spostamenti verticali nell'intorno
di una struttura focalizzata per il monitoraggio dei rischi geologici (es., la subsidenza).
Considerando l'accuratezza centimetrica ottenuta con i DSM, e quindi la differenza di
precisione tra le due tecniche di monitoraggio, viene proposto un quadro probabilistico
basato sulle distribuzioni statistiche delle velocita spazio-temporali di entrambe. Le di-
stribuzioni statistiche, valutate verso stati limite predefiniti per calcolarne la probabilita
di superamento, sono classificate in diversi scenari per rivelare I'occorrenza di possibili
fenomeni di subsidenza nell'intorno della struttura e la loro possibile interazione con
essa. La metodologia proposta & stata dapprima validata sulla frana di Pomarico e suc-
cessivamente testata su uno dei ponti semplicemente appoggiati, valutato nel capitolo
precedente, per la previsione del rischio. Dalla sua applicazione & emersa una soddi-
sfacente capacita di fornire avvertimenti da impiegare nei piani di mitigazione del ri-
schio, sebbene venga fornita un’informazione qualitativa e non quantitativa sul rischio
geologico che interessa la struttura.

Nell'ultimo capitolo I'attenzione non & piu rivolta all'uso di tecniche di telerilevamento
per la valutazione del rischio strutturale dei portafogli di ponti, ma all'uso di un sistema
basato su sensori per lo stesso obiettivo. In particolare, |a riduzione della forza di pre-
compressione é discussa tra i piu importanti fenomeni di degrado che interessano i
ponti in calcestruzzo armato precompresso. | sistemi basati su sensori SHM presenti
in letteratura faticano ad evidenziare la riduzione della forza di precompressione, so-
prattutto nel caso di cavi di precompressione non aderenti all’interno di ponti a travi
scatolari. Tra questi, i sensori di deformazione e gli algoritmi di regressione ML potreb-
bero essere combinati per raggiungere questo obiettivo. Anche in questo caso, viene
proposto un framework che prevede la combinazione di un modello surrogato di ML
con misure basate su sensori. Gli algoritmi di reti neurali artificiali, di regressione a



foresta casuale e di regressione vettoriale di supporto sono stati addestrati su dati cam-
pione generati da un approccio di modellazione non lineare che considera le caratteri-
stiche meccaniche e geometriche dell'impalcato del ponte. La strategia di modellazione
proposta rappresenta un compromesso tra sforzo computazionale e accuratezza, che
rappresentano un requisito importante quando si tratta di generare e analizzare migliaia
di modelli. Questo risultato é stato ottenuto convalidando numericamente gli sposta-
menti verticali registrati da un ponte scatolare PSC testato sperimentalmente. | risultati
del miglior modello surrogato di ML, selezionato in base a metriche statistiche, sono
discussi attraverso un approccio di eXplainability per identificare nuove intuizioni che
potrebbero essere utilizzate nella progettazione di un sistema SHM ottimizzato basato
su sensori. L’approccio é applicato a una trave PSC scatolare in scala, testata speri-
mentalmente nei laboratori ICITECH dell’Universita Politecnica di Valencia.

Keywords

Ponti esistenti, Valutazione dei ponti, Rischio strutturale, Ponti in calcestruzzo
armato, Ponti in calcestruzzo armato precompresso, Tecnologie all’avanguardia, Inter-
ferometria Multi-Temporale Radar ad Apertura Sintetica, Veicolo aereo senza pilota,
Fotogrammetria, Apprendimento automatico.
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Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

INTRODUCTION

Since the earliest civilizations, humans have adapted the environment to their
needs and desires. With early inventions and applications, they began to reshape the
environment with farms, villages, roads, and eventually large cities. However, socioec-
onomic progress brought new challenges that required more complex solutions, such
as connecting two cities located on opposite sides of a river. To meet this need, bridges
were built to cross obstacles such as depressions in the ground, rivers, or other roads.
One of the oldest examples in Italy is the S. Angelo Bridge, located in Scigliano, Co-
senza, built in the 2nd century B.C. to cross the Savuto River (Fondo Ambiente Italiano,
2022). Over time, the discovery of new materials and construction techniques led to
the creation of more complex and functional structures, resulting in transportation net-
works (both road and rail) that stretch for thousands of kilometres.

In ltaly, transportation networks are under the authority of Concessionaries (e.g.,
Azienda Nazionale Autonoma delle Strade, ANAS S.p.A.) whose goal is to keep them
functional through a timely maintenance. Particular attention must be paid to bridges,
which are a core structures of these systems, whose collapses result in economic
losses and casualties as shown by the recent chronicles of the Polcevera viaduct (Calvi
etal., 2018; Lanari et al., 2020; Milillo et al., 2019; Fig. 1), or the Albiano-Magra viaduct
(Farneti et al., 2022; Fig. 2). Therefore, the technical and political debate about infra-
structural safety cannot focus only on the causes that generate collapses and losses
but must converge on the main principle of prevention. To practice prevention for ex-
isting bridges, it should be considered that during their service life, these structures are
subjected to actions and phenomena inducing displacements, material degradation and
structural decay. Among the main actions to consider, natural hazardous events can
be mentioned, such as landslides, subsidence motions, earthquakes, and floods (e.g.,
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Fig. 2 - Collapse of a bridge in Albiano Magra (Massa-Carrara, Italy), 8th April 2020, (Delle Luche, 2022).
2
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Borzi et al., 2015; Fiorillo and Ghosn, 2017; Nettis et al., 2022; Sangiorgio et al., 2022).
On the other hand, within the service life of bridges, other exogenous actions may affect
safety and serviceability of bridges, such as the combination of traffic and dead loads,
which increase gravitational actions on bridges. Moreover, the environmental condi-
tions (e.g., temperature, solar radiation, wind, rain) represent a silent enemy of struc-
tures leading to a slow but steady evolution of degradation phenomena, peculiar to the
construction typology and material of the bridge (e.qg., steel rebar corrosion and spalling
in reinforced concrete, RC, and prestressed concrete, PSC, elements, rusted surfaces
on steel elements, bearings malfunctioning).

Motivations

Although governments and transportation management authorities are aware of
the necessity of the need for infrastructure maintenance, this is still a difficult task con-
sidering large portfolios of these assets and limited economical and human resources.
To give a dimension to the abovementioned issue, ANAS S.p.A. manages around
32.000 km of roads and motorways in which 18.720 bridges are placed (ANAS,
2024a). In this context, is becoming increasingly important to define a standardized
methodology at a national scale for bridge risk classification. The aim is the rational
administration of resources for safety assessment, risk mitigation strategies and re-
covery actions homogeneously and uniformly across different types of infrastructures.
Some examples can be found in the technical and scientific literature for the operation
and management of bridges as reported in AASHTO, 2018. Taking as reference the
Italian case, the Italian Ministry of Infrastructures and Transportation (MIT) issued in
2020 the “Guidelines for risk classification, safety assessment and structural health
monitoring of existing bridges” (ANSFISA, 2022; MIT, 2020). The Italian guidelines (IG)
proposed a multilevel approach, Fig. 3 from Level 0 to Level 4, for the risk classification
of bridges based on census (Level 0), field survey and visual inspections (Level 1),
preliminary risk assessment (Level 2, to achieve a total warning class based on
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Fig. 3 - Multilevel approach and relationships between levels of analysis (MIT, 2020).

structural-foundational, seismic, hydrological, and geological risks assessment), pre-
liminary structural analyses (Level 3) and safety checks (Level 4).

Since the issuing of 1G, many Concessionaries have been implementing the IG meth-
odology and, thanks to their collaboration with the Fabre Consortium (Fabre, 2024),
data about Level 0, 1 and 2 are available to draw some considerations. The database
is composed by more than 400 bridges (Salvatore et al., 2024) representing structures
with a total length higher than 6 m as required by |G for its application. Considering
census data (Level 0) reported in the database, an initial classification of the bridge
inventory is presented according to geometrical (i.e., total length, Fig. 4a, number of
spans, Fig. 4b, maximum span length, Fig. 5a) and typological parameters (i.e., static
scheme, Fig. 4c, superstructure material, Fig. 5b and structural scheme, Fig. 5¢). Most
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Fig. 4 - Bridge classification based on a) total length [m], b) number of spans and c) static scheme.
Capital letters in x-axis labels refer to the columns of the table that shows the number of bridges and the
percentage value.
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Fig. 5 - Bridge classification based on a) maximum span length [m], b) superstructure material and c)
structural scheme (isostatic or hyperstatic). Capital letters in x-axis labels refer to the columns of the
table that shows the number of bridges and the percentage value.

of bridges are less than 50 m long (60.6%), have less than 2 spans (55.1%), and the
deck consist of simply supported or continuous beams (70.1%). Furthermore, only a
small sample of the dataset is characterized by maximum span length greater than 50
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Fig. 6 - Bridge classification based on a) construction period and b) structural-foundational level of
defectiveness. Capital letters in x-axis labels refer to the columns of the table that shows the number of
bridges and the percentage value.

m (4.1%). Regarding superstructure of bridges, PSC and RC are the most used con-
struction materials (47.5% and 33.5%, respectively) and two bridges out of three show
an isostatic structural scheme. Looking at construction period, Fig. 6a, there is a bal-
ance between before and after 1980 in bridge construction and more than half, Fig. 6b,
is reported to have a level of structural defectiveness equal to Medium or higher
(74.6%). At Level 2 every parameter collected so far in Level 1 is combined according
to the logical operator approach provided by IG to classify different aforementioned
risks (Fig. 7a and Fig. 7b show only structural-foundational and seismic warning clas-
ses, respectively). Later, each risk class is jointed in a total warning class, Fig. 7c,
spanning from High to Low. According to the IG, bridges characterized by a High total
warning class (22.6% of the total) are addressed to Level 4 (accurate assessment,
ordinary and extraordinary periodic inspections), while those ascribed to Medium-High
total warning class (25.8% of the total) are assessed through Level 3 (preliminary as-
sessments) and later through Level 4. This approach is intended to update the total
warning class based on the results of each step. Furthermore, for these bridges, peri-
odic or continuous structural health monitoring (SHM) systems are considered when
required.
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Fig. 7 - Bridge classification based on warning classes a) structural-foundational, b) seismic and c)
total. Capital letters in x-axis labels refer to the columns of the table that shows the number of bridges
and the percentage value.

Although effective as standardized methodology at a national scale for bridge risk clas-
sification and assessment and the rational administration of resources, 1G relies on
traditional monitoring procedures (necessary and hardly replaceable) which involve
time- and cost-consuming activities that cannot be widely applied to a bridge portfolio
scale in a short timely given the numbers before presented. Still, new cutting-edge
technologies, new if compared to the well consolidated traditional monitoring tech-
niques, can be explored with the goal of: (i) lightening management costs; (ii) support-
ing reliable prioritization schemes of the IG; (iii) providing a near-continuous cost-ef-
fective monitoring strategy of structural risk.

Objectives

This research work is aimed at identifying such cutting-edge technologies and
techniques for structural risk evaluation to support the application of the multi-level
approach on a bridge portfolio scale focusing on the most recurrent bridge typologies
in Italy and based on the guidance provided by the 1G. Starting from Section 7.6 of the
IG where requirements of such systems are defined, the goal of a SHM can be dual,

7
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depending on the specific health state of the bridge. In case of recognized degradation
phenomena/damages a periodic or permanent SHM system can be used to study evo-
lutionary trends or determine their causes through the correlation between monitored
parameters (e.g., strain measures of structural elements through embedded strain-
gauges). Moreover, a SHM system can be installed to detect any anomalies or struc-
tural damages in real time before these produce obvious manifestations. Such systems,
whatever their periodic or permanent nature, can be considered effective if they are part
of a process of analysis and management of data also capable, where necessary, of
determining immediate traffic restriction measures that can also be implemented
through suitable traffic interdiction equipment. Furthermore, it is clear that the technol-
ogies involved in SHM are profoundly interdisciplinary and thus their dissemination de-
pends on the sensitivity of the technical-scientific context to knowledge, other than that
of the cultural matrix of origin, and the more or lesser aptitude to assimilate its innova-
tion content. In this framework Synthetic Aperture Radar (SAR) sensors and their image
processing algorithms (e.g., Multi-Temporal Interferometry Synthetic Aperture Radar,
MTInSAR), Unmanned Aerial Vehicles (UAVs) photogrammetry and Machine Learning
(ML) could meet the requirements demanded by IG and are studied and implemented
in this research work for SHM applications regarding structural risk. This dissertation
is organised in several studies regarding the abovementioned technologies correspond-
ing to different Chapters. The proposed studies are focused on specific objectives (S0).

o S01: Exploiting MTInSAR data as early warning system in simply
supported concrete girder bridges
The potential of innovative remote-sensing approaches for continuous
and near-real time displacement monitoring of existing structure is dis-
cussed. The applicability to existing bridge portfolios is evaluated and
conceptualized in a framework for early warning evaluations, along with
a GIS plugin to ease its adoption by practitioners. The framework is
discussed with advantages and shortcomings of the technique.
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S02: Combination of UAV photogrammetry and MTInSAR on existing
built heritage

The study aims to investigate how to overcome MTINSAR limitations
by the combination with other data sources (i.e., UAV photogramme-
try). Starting from a literature review of UAV photogrammetry, its po-
tentials and weaknesses are discussed together with main digital prod-
ucts derived by this technology. A probabilistic-based assessment
framework is proposed to leverage structural displacements recorded
by MTInSAR and surrounding area displacements obtained by UAV
photogrammetry.

S03: Application of ML algorithms to traditional sensor-based SHM
Traditional sensor-based SHM systems for prestressing force monitor-
ing purpose are studied, considering limitations regarding the use on
specific structural typologies (i.e., internal unbonded tendons). Litera-
ture ML algorithms for regression analysis are studied and evaluated
proposing a methodology to predict prestressing force reduction in PSC
bridges based on traditional SHM sensor measurements. The physical
evaluation of ML surrogate models through an eXplainability approach
is used to explore the best strategy in the implementation of a sensor-
based SHM system.

Outline and organization of the thesis

In the first part of Chapter 1, a section on the state-of-the-art on Earth observa-

tion based on remote-sensing technologies focusing on satellite constellations and
SAR sensors is presented, together with the main principles of SAR technique and their
image processing algorithms as Differential Interferometry Synthetic Aperture Radar
(DInSAR) and MTInSAR. Then, a literature review section is proposed on the application
of MTInSAR data for structure and infrastructure monitoring. Based on the available

9
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literature, pros and cons of structures monitoring through SAR data are presented to
explore their use as near-continuous monitoring system in a cost-effective manner
(Calo et al., 2023). Considering the objectives of the thesis, an early warning system
for structural risk assessment on the most spread bridge typology in Italy and Europe
(i.e., simply supported concrete girder bridges) is proposed. The use of MTInSAR data
is codified in a completely automated framework through Python modules (Calo et al.,
2024a) which exploits poor structural information (already at disposal by transportation
management authorities, for example via Level 0 and Level 1 of I1G) and temperature
data to describe the bridge structural behaviour over the time under service conditions.
The output provides displacement profiles characterizing bridge in vertical and longitu-
dinal directions, which are compared with new displacement thresholds evaluated
through simple analytical models of the investigated bridge typology. Moreover, differ-
ent displacement scenarios associated to displacement components are proposed to
identify their causes, providing a structural interpretation of remote-sensed measure-
ments. The procedure is tested on two different case studies, affected by different pa-
thologies, demonstrating its effectiveness.

Moreover, to promote the use of this remote-sensing technology, a GIS plugin named
BAS-MTInSAR, developed for QGIS in Python language, is presented (Calo et al.,
2024b; Calo at al., 2024c). BAS-MTInSAR implements the proposed MTInSAR frame-
work along with other innovations achieved during its development (e.g., additional
thresholds). Through the developed Graphic User Inter-face (GUI), practitioners can
manage input data required and automatically detect displacement scenarios. Moreo-
ver, BAS-MTInSAR allow to manage bridge portfolios by storing results on previous
analysed bridges.

In Chapter 2, UAV and their working principles as additional remote-sensing technology
are presented, exploring the main digital products derived from UAV photogrammetry
with a focus on Digital Surface Models (DSMs). Then, a literature review section on the
use of UAV photogrammetry, as a cost-effective technology for existing built heritage
(both buildings and infrastructures) and landslide monitoring is proposed to point out
potentials and weaknesses. Based on the acquired knowledge, the advantages of both

10
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remote-sensing technologies (i.e., MTINSAR data and UAV photogrammetry) are lever-
aged in a probabilistic-based approach (Calo et al., 2024d). Indeed, MTInSAR data can
be used to monitor displacements of structures, while UAV photogrammetry to monitor
displacements of the surrounding area. Given a structure to monitor and a period of
observation, the idea consists of retrieving MTINSAR data about the structure and of
performing UAV flight surveys on the surrounding area at the beginning and end of the
considered period. From both surveys, statistical distributions of the spatiotemporal
velocities (only the vertical component is assessed) can be processed and evaluated
towards a predefined limit state. The obtained results are classified under different sce-
narios to reveal the occurrence of possible subsidence phenomena. The proposed
methodology is firstly validated on a real landslide and subsequently is tested on one
of the case studies showed in Chapter 1 for risk prediction, showing a satisfying ca-
pacity of providing warnings to employ in structural risk mitigation plans.

In Chapter 3, the focus of the study moves from a large-scale to the structure specific
assessment. Bridges, especially aged ones, are characterized by different degradation
phenomena (peculiar to the construction typology and material of the bridge) induced
by exogenous actions (e.g., increasing traffic and dead loads) and environmental con-
ditions (e.g., temperature, solar radiation, rain). A common structural defect for PSC
structures is the corrosion and break of wires of tendons of the prestressing system
reducing the bearing capacity of the structure (Nettis ef al. 2024). In literature there are
several examples of SHM sensor-based systems to monitor prestressing system of
PSC bridges, although affected by some limitations highlighted in this Chapter. Consid-
ering the cost-effective solution represented by strain-gauges, ML algorithms already
at disposal by literature for regression analysis are explored, proposing a methodology
combining strain-gauges measurements and other structural information to predict pre-
stressing force reduction in PSC bridges (Calo et al., 2024e). Artificial Neural Network
(ANN), Random Forrest Regressor (RFR), Support Vector Regression (SVR) are trained
and tested on a dataset generated by a simplified nonlinear modelling strategy. The ML
surrogate model, able to predict the prestressing force reduction based on the required
input data, is selected among the trained ones based on statistical metrics. The

11
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effectiveness of the methodology is tested on a scaled PSC box bridge experimentally
tested in the ICITECH laboratories of the Universitat Politécnica de Valéncia. The phys-
ical evaluation of ML surrogate models through an eXplainability approach is used to
explore the best strategy in the implementation of a sensor-based SHM system.

12
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CHAPTER 1

AN MTINSAR-BASED EARLY WARNING SYSTEM TO APPRAISE DEFOR-
MATIONS IN SIMPLY SUPPORTED CONCRETE GIRDER BRIDGES

In this Chapter, an overview on Earth observation (EQ) in presented, focusing
on SAR sensors and main principles of the acquisition system. SAR images, processed
with specific algorithms early discussed, are used in a remote sensing technique called
Interferometry Synthetic Aperture Radar (InSAR) in which displacement time series of
points on the Earth surface (called scatterers) are reconstruct. After a literature review
on the applications and the potentials of this technique as a cost-effective tool for struc-
ture monitoring (Calo et al., 2023), an engineering bridge-oriented framework is pro-
posed exploiting Multi-Temporal Interferometry Synthetic Aperture Radar (MTInSAR)
data, poor structural information (already at disposal by transportation management
authorities) and temperature data to describe the bridge behaviour over the time (Calo
et al., 2024a). The output of the framework, providing comparisons of longitudinal and
vertical displacements of the bridge with new displacement thresholds defined for spe-
cific scenarios, aims to identify the causes of such displacements with the goal to
provide structural interpretation of remote-sensed measurements. The procedure,
which applies to simply supported concrete girder bridges (most spread bridge typol-
ogy in Italy as demonstrated in the Introduction), is tested on two different case studies
affected by different pathologies, demonstrating its effectiveness as early warning sys-
tem for purpose of bridge portfolio analysis and risk prioritization, also according to the
framework proposed by the recent Italian guidelines (MIT, 2020). Lastly, a new devel-
oped GIS Plugin named BAS-MTInSAR (Calo et al., 2024b; Calo et al., 2024c) is pre-
sented to ease the application of MTINSAR data by practitioners for structural risk man-
agement of bridges.

13



PhD Mirko Calo | XXXVII cycle

1.1. Fundament

1.1.1. Earth observation and satellites

EO is a branch of science that uses remote sensing technologies, sensors in
ground-based, or airborne platforms to gather information about physical, chemical,
and biological systems of the Earth (Paravano et al., 2024). Hence, EO encompasses
both remotely sensed and on-site data. The outstanding advantage in the field of the
EO that has led researchers to develop remote sensing observation technologies is the
ability to carry out remote observations through optical and multispectral imagery of
the Earth’s surface for reconnaissance, mapping and monitoring with a high coverage,
both spatial (i.e. thousands of km?) and temporal (from a few hours up to tens of days).
Furthermore, compared to traditional on-site methods this technology has a very low
environmental impact, limited costs, and other many advantages compared to on-site
methods. For instance, on the same survey area or observation period, although tradi-
tional on-site methods provide very accurate measurements, they require direct access
to the areas, sometimes difficult to reach due to adverse climatic and environmental
conditions (e.g. polar ice caps, volcanic craters, landslide areas). Among the remote
sensing technologies employed for monitoring applications, satellites deserve special
attention due to their increasingly widespread use in the literature. Before discussing
about this topic is important to describe EQO satellites and their operating principles.
EO satellites can be classified in several ways considering, for example their payloads
and their orbits. Regarding this latter, an orbit is the curved path that an object in space,
as a satellite, takes around another object, such as a planet, due to gravity (ESA,
2020a). The orbits of the satellites differ in altitude above the Earth’s surface and path,
Fig. 8. Polar orbit (PO) is an orbit at low altitudes between 200 to 1000 km. Satellites
in PO usually travel past Earth from North (N) to South (S) rather than from West (W)
to East (E), passing roughly over the Earth's poles. Even a deviation within 20 to 30
degrees is still classified as a polar orbit and called near polar orbit (NPO). Sun-syn-
chronous orbit (SSO) is another polar orbit where satellites are synchronous with the

Sun. This means they are synchronised with the relative position of the Sun over a
14
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place. Thus, the observation of a spot happens at the same local time and is used in
several applications where it is important to compare how somewhere changes over
time, fixed some characteristics. A satellite in an SSO is usually at an altitude between
600 to 800 km. A low Earth orbit (LEO) is an orbit at low altitudes between 160 km to
1000 km. LEO satellites do not always have to follow a particular path around Earth
and then their plane can be tilted from the equatorial plane. For this reason, LEO is a
very commonly used orbit because there are more available routes for satellites. Geo-
stationary orbit (GEO) allows satellites to circle the Earth above the equator from W to
E following Earth’s rotation. Hence, satellites in GEO are called geostationary for their
fixed position. To perfectly match Earth’s rotation of 23 hours 56 minutes and 4 sec-
onds, T, the altitude, h, of GEO is about 35786 km.

T = 21(R + h) (R +h) (1)
gR?
——— NPO
——— LEO
MEO
GEO

Fig. 8 - Schematic representation of different satellite orbits. Black line shows Earth’s rotation axis and
red line the equator. Dashed lines describe the orbits: orange is the near polar orbit (NPO), purple is the
low Earth orbit (LEQ), cyan is the medium Earth orbit (MEQ) and green is the geostationary orbit (GEO).

15
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Where g is the acceleration due to gravity near Earth’s surface and R is the Earth’s
radius (= 6380 km). GEO is used, for example, by telecommunication satellites and
weather monitoring satellites. There is also a wide range of orbits, with any path, be-
tween LEQ and GEO called medium Earth orbits (MEQ). Like satellites travelling in LEO,
those travelling in MEO do not need to follow specific paths around the Earth and are
also used for many different applications. For example, the European Galileo system
powers navigation communications across Europe to get directions on our
smartphones. In summary, EO satellites are placed in LEO for a high data resolution or
SSO0 to have consistent lighting and obtain a total view of the Earth: other satellites are
placed in GEO for an uninterrupted coverage.

Continuing with the description of the satellites operating principles, their payloads (i.e.,
sensors) are used to acquire the electromagnetic energy. Electromagnetic radiation,
known as the propagation of the energy of the electromagnetic field in space, consists
of an electric (£)) and a magnetic (B) field. £, and B are orthogonal to each other and
always perpendicular to the direction of propagation Z, Fig. 9. The electromagnetic ra-
diation is characterized by three types of propagation, Fig. 10:

e Transmission, a fraction of the radiation penetrates the surface of certain me-
dium, for example water.

e Absorption, a fraction of the radiation is absorbed through molecular or elec-
tronic interactions with the medium it passes through.

o Reflection, a fraction of the radiation is reflected (and scattered) by the target
at different angles (depending on the "roughness" of the surface and the orien-
tation of the direction of incidence of the solar radiation with respect to the
inclination of the surface).

The satellite payload can be divided into two categories, based on their acquisition
mode: passive (e.g., optical) and active (e.g., Synthetic Aperture Radar, SAR). Passive

16
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Fig. 9 - A linearly polarized electromagnetic wave going in the Z-axis, with £, denoting the electric field
and perpendicular B denoting magnetic field.

a) b) c) d)
Transmission Absorption Reflection Scattering

Medium1 \ Emission \/ @@t

Medium 2 \ :

Medium 1 N Emission ¥

Fig. 10 - Types of propagation of the electromagnetic radiation: (a) transmission, (b) absorption, (c)
reflection, (d) scattering.

sensors measure the radiation that is available, whether it is emitted or reflected (i.e.
solar radiation) by objects on the Earth’s surface depending on their reflectivity or re-
flectance. Instead, active sensors emit an electromagnetic wave towards the object to
investigate and thus independent from other forms of lighting (e.g., solar). The radiation
backscattered by the object, along the direction of the sensor carrying out the obser-
vation, is then recorded and measured by the sensor itself. Each sensor is designed to
operate among one or more bands of the electromagnetic spectrum, each character-
ized by certain wavelengths, A, and frequency, f1. These quantities are mutually con-
nected. Indeed, traveling sinusoidal waves can be represented mathematically in terms
of their velocity, vy, (in the Z- direction and influenced by the medium it passes), fx and
A as:

Z 21
y(Z,t) = Acos <2n (I — f,lt)> = Acos (7 (Z - v,ﬁ:)) (2)
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where y is the value of the wave at Z and time ¢, and A is the amplitude of the wave.
Equation (2) expresses traveling sinusoidal wave both in terms of angular frequency,
wa, and wavenumbers, k.

v(Z,t) = Acos(k;Z — wyt) = A cos(k,l(Z — vlt)) (3)
From Equation (2), wx and k; are related to vx and f; as:

_2m  2mfy  w

4
=7 o (4)
_271_21117_17 )
_k_a)_f

The electromagnetic spectrum, NASA 2022, is the set of all possible A over which the
energy associated with an electromagnetic wave propagating in space can be distrib-
uted (Fig. 11 values are referred to electromagnetic waves travelling in the void). Ex-
ploring the electromagnetic spectrum and its bands, the component between 380 nm
(violet) and 700 nm (red), perceivable by the human eye, is called the visible spectrum.
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o ] ] ] ] ] ] ] ] l EI ] ] ] ] ] ] ] o _
f 3-108 3-1010 3-1012 Vo 34101 3-1018 3-1020 3-102 [s1]
Red Yellow Green Cyan Violet

Fig. 11 - Electromagnetic spectrum.
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Table 1 - Microwaves class.

Class Band Frequency £ Wavelength A
Ka 40-27 GHz 7.50 mm-1.11cm
K 27 -18 GHz 1.11 cm-1.67 cm
Ku 18 — 12 GHz 1.67 cm-2.50 cm

Microwaves X 12 - 8 GHz 2.50cm-3.75¢cm
C 8 -4 GHz 3.75¢cm-7.50 cm
S 4 -2 GHz 7.50cm-15¢cm
L 2-1GHz 15 ¢cm-30 cm

The region below the violet, between 10 nm and 380 nm, is called ultraviolet (UV), and
the region above the red, between 700 nm and 1 mm, is called infrared (IR). This latter,
in the range of 750 nm and 15 um is defined as thermal infrared. Thermal infrared is
related to the thermal emission of bodies and is used for example by FLIR sensors.
Electromagnetic waves with A lower than 400 nm (UV, X, and gamma rays) are not
used for remote sensing applications. Instead, the region of the microwave, shown in
detail in Table 1, including A between 1 mm and 10 ¢m, is used by SAR systems. The
main property of the radiation at these A is to penetrate clouds, making the acquisition
independent from the cloud cover. Beyond microwaves, radio waves are used in remote
sensing for the management and control of satellites and on-board instrumentation and
not for EQ. Table 2 reports a summary of the bands of the electromagnetic spectrum.
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Table 2 - Electromagnetic spectrum classes.

Class Band Name Frequency fx Wavelength A
Y Gamma rays 30 EHz 10 pm
lonizing HX Hard X-rays 3 EHz - 30 EHz 100 pm-10 pm
radiation Soft X-rays 30 PHz- 3 EHz 10 nm —100 pm
EUV Extreme ultraviolet 3 PHz - 30 PHz 121 nm-10 nm
NUV Near ultraviolet 750 THz — 3 PHz 380 nm —121 nm
Violet 670 THz - 750 THz 450 nm — 380 nm
Blue 620 THz - 670 THz 485 nm — 450 nm
Visible Cyan 600 THz - 620 THz 500 nm — 485 nm
spectrum Green 530 THz - 600 THz 565 nm - 500 nm
Yellow 510 THz - 530 THz 590 nm - 565 nm
Orange 480 THz - 510 THz 625 nm — 590 nm
- Red 400 THz - 480 THz 700 nm — 625 nm
NIR Near infrared 480 THz — 300 THz 1 um—700 nm
Infrared MIR Mid infrared 300 THz- 30 THz 10 um—1pm
FIR Far infrared 30 THz -3 THz 100 um =10 um
) 3 THz - 300 GHz 1 um—100 um
EHF Extremely high frequency
) 300 GHz - 30 GHz 1cm—-1mm
Microwaves
SHF Super high frequency
30 GHz - 3 GHz 1dm-1cm
UHF Ultra high frequency 3 GHz — 300 MHz 1m-1dm
VHF Very high frequency 300 MHz - 30 MHz 10m-1m
HF High frequency 30 MHz - 3 MHz 100m-10m
MF Medium frequency 3 MHz - 300 KHz 1 km—100 km
Radio waves LF Low frequency 300 KHz — 30 KHz 10 km -1 km
VLF Very low frequency 30 KHz - 3 KHz 100 km — 10 km
ULF Ultra low frequency 3 KHz - 300 Hz 1 Mm -100 km
SLF Super low frequency 300Hz-30Hz 10 Mm -1 Mm
ELF Extremely low frequency 30 Hz - 3 KHz 100 Mm - 10 Mm

1.1.2. Synthetic Aperture Radar

One of the most common active sensors mounted as payload on EO satellites
is the SAR. SEASAT was a NASA oceanography experimental mission launched on 28
June 1978 which ceased operations the same year, and on-board there was the first-
ever spaceborne SAR system for science applications (ESA, 2021). After this first EO
experiment with a SAR sensor, the 1980s saw the birth of SAR systems placed on

20



Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

board shuttle craft. Since the early 1990s, almost all space agencies have included
among their programs the launch of platforms carrying SAR sensors on-board. Among
these are: the ESA ERS1/2 program (ESA, 2020b), the NASDA JERS (ESA, 2020c), the
Canadian RADARSAT (CSA, 2024). Nowadays, some of the active SAR satellites are
Sentinel-1 (ESA, 2024), RADARSAT, TerraSAR-X (DLR, 2024), COSMO-SkyMed (ASl,
2017), others are being launched (e.g., COSMO-SkyMed, CSK, second generation has
two out of four satellites in orbit as reported in ESA 2022a), and more are planned as
IRIDE (Planetek, 2023). Some details about past and current satellite missions are pro-
vided in Table 3 (SERVIR Global Science, 2019).

Table 3 - List of past and current and upcoming spaceborne SAR sensors with their properties (F&O:
Free & open, Re: Restrained, Co: Commercial, A-D: Application-dependent, RS: Restrained scientific,
SP: Scientific proposal, TDB: To be decided).

Satellite Start/End Band  Polarization Resolution Frame size Cycle  Access
1978/ .
SEASAT 1978 L Single 25m 100 km - F&0
1991/ .
ERS-1 2001 C Single 6-30m 100 km 35d Re
1995/ .
JERS-1 1998 L Single 8m 75 km 44 d Re
1
ERS-2 2?;151/ C Single 6-30m 100 km 35d Re
2002/ Single, Cross,
ENVISAT 2012 C Dual 28 m 100 km 35d Re
2
ALOS-1 2%2(;/ L Single, Cross 10-30m 30 - 350 km 46d F&O
1995/ .
RADARSAT-1 2013 C Single 9-100m 45-510 km 24 d Re, C
TemasARX 2000y SnoeDwl o or om 3-200km  11d D
- Cross RS, C
TaDEMx 2000y SndeDwal e om 3-200km  11d D
- Cross RS, C
Radarsat2 200 ¢ SnoeDwlL o om 8-s00km 244 c
- Quad
CSK 2007/ X Single, Dual 0.7-100m  10-200 km 16 d C, PS
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Satellite Start/End Band  Polarization Resolution Frame size Cycle  Access
ALOS-2 2004/ Sindle.Dual o0 o5 3s5km 14d G, PS
- Quad
paLsAR2 S'"%Z’agua" 1-100m  25-355km  14d  C,PS
2014 2504
Sentinel-1 014/ C Single, Dual 5-40m 50km 00 12d F&O
2018/ .
SAOCOM L Single,Dual  10-100m  65-320km  16d  TBD
PAZ SAR 200/ Sindle.Dual e om 3_200km  11d c
- Cross
RCM 2009/ Sindle.Dual o o0 20-500km  12d TBD
- Quad
NISAR 2021/ Single,Dual, o0 250 km 12d  F&0
- Quad
TaDEML 202 S'"%Z’agua" 12m 350 km 16d  F&0

Satellites with this payload travel in NPO orbits, half of the path from S to N (i.e., as-
cending track, ASC) and half from N to S (i.e., descending track, DSC), Fig. 12b. Their
orbits are constrained within an Earth-fixed orbital tube with respect to a reference orbit
at every orbital point, over any repeat cycle (Prats-Iraola et al., 2015). The ability of the
satellite to move within this region provides an increased sensitivity of the terrain height.
Specifically, CSK satellites, which are guaranteed to be within = 1 km from the refer-
ence ground track, can reduce the errors in the estimate of the terrain height under 1
m. Travelling in the azimuth direction, SAR sensor transmit, in the Line-of-Sight (LoS)
direction, electromagnetic pulses towards the Earth’s surface with their moving side-
looking antenna. The active sensor can detect and record, for each resolution cell, in-
tensity of the return pulse (amplitude, A,,) and the time it takes to travel forward and
back to the antenna, in terms of phase, ¢. The characteristic side-looking view with
respect to the azimuth direction allows to overcome the left/right ambiguity of possible
targets that are at the same distance from the sensor (Franceschetti and Lanari, 1999).
The coordinate system of the acquisition geometry of a radar satellite can be referred
to as a cylindrical coordinate system (azimuth, slant range, and incidence angle), Fig.

12a. Incidence angle, 9, is measured from the vertical direction to the LoS. The
22
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projection of the slant range direction on the Earth's surface is called the ground range
(a, is the azimuth angle, that is the angle between E and ground range direction) and
the footprint, black box in Fig. 12a, has a width called swath width. The swath width
depends on both A and acquisition mode of the SAR sensor. Regarding the resolution
in slant range and azimuth, is defined as the minimum distance between two points to
be distinguishable. Slant range resolution, A, is described by the following equation:

c
Arange = W (6)

and depends on A and the power of the signal, (Franceschetti and Lanari,1999). In-
stead, azimuth resolution A, iS described by the following equation:

L

Aozimuth = b;am (7)
Where Ly is the length of the antenna. According to Equation (7) the azimuth resolu-
tion is linearly dependent on Ly.,,. This would imply the need to have particularly long
antennas to obtain resolutions comparable to those in range. To overcome this the
antenna steers during flight synthesizing an array of antennas, which is like an

b)

Descending track
(DSC)

Ascending
track (ASC)

Fig. 12 - Description of satellites acquisition geometries. (a) Geometric definition of azimuth, slant range
and LoS, (b) ascending and descending track.
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alignment of elementary antennas of length L., along the LoS. This difference, com-
pared to Real Aperture Radar (RAR) where the antenna is fixed and the resolution de-
pends both on the distance of the target, A, and L., ensures a greater spatial resolu-
tion in the azimuth direction, leaving the resolution unchanged in the orthogonal ground
range direction, Fig. 13.

Going deep in the discussion of the acquisition geometry, & plays a key role in the
acquired images. Unlike optical images taken from a vertical position with respect to
the scene, the side view of the antenna introduces some geometrical distortions. This
distortion must be considered when a SAR image is evaluated. First, the antenna looks
to the scene in a beam and & changes a bit trough each range of the beam. This means
that going from slant range to ground range, the same measured quantity in range has
different size in ground range, (Fig. 14a). Other distortions are introduced by the relation
between ground slope, 9; (measured from horizontal plane), and & angle (Fig. 14). In
detail:

o Foreshortening, (Fig. 14b), corresponds to pixel dilatation/compres-
sion, depending on I value. Compressed pixels look brighter due to
the high energy of the backscattered signal related to the number of
backscattering objects placed in the pixel.

o Layover, (Fig. 14c), is a particular foreshortening case which occurs
when 9; > ¢. The uppermost part (point 2 in Fig. 14c) is found to be
closer to the satellite and is therefore represented in radar coordinates
in a wrong position, reversed in slant range compared to the lower part

(1);

e Shadowing, (Fig. 14d), involves regions (point 3 in Fig. 14d) hidden by
other regions (point 2 in Fig. 14d).
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Real Aperture Radar

Synthetic Aperture Radar

st seleg s80ss selleg Azmuth
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Fig. 13 - RAR with fixed beam and SAR with steering beam.

v

v

1 8, 3
Layover

v

T e, 3

Shadowing

Fig. 14 - Distortions induced by a side-looking view of SAR sensor: (a) Effect of the variability of © in a
beam range; (b) Foreshortening; (c) Layover; (d) Shadowing.
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Polarization, reported in Table 3, also has a key role in SAR imagery. Polarization de-
scribes the orientation of the plane of oscillation of a propagating signal (SERVIR Global
Science, 2019). Most of today’s SAR sensors are linearly polarized, meaning that the
plane of oscillation of the propagated signal is constant along the propagation path of
the electromagnetic wave, Fig. 9. Older SAR satellites (e.g., SEASAT, ERS-1, ERS-2 in
Table 3) carried single-polarized sensors, which support only HH- (horizontal polariza-
tion on transmit and on receive) or VV-polarization (vertical polarization on transmit and
on receive). However, most recent sensors provide dual- or quad-polarization abilities.
In this configuration, the sensor alternates between transmitting H- and V-polarized
waveforms and receives both H and V simultaneously, thus providing HH-, HV-, VH-
and VV-polarized imagery. The acquired scene can be characterized by different scat-
terers like rough surface scatterers, (e.g., low-vegetation fields and paved surfaces),
double-bounce scatterers (e.g., buildings and vertical structures), and volume scatter-
ers (e.g., vegetation canopies). These scattering types do not contribute to all polari-
metric channels equally. Indeed, signals at different polarizations interact differently
with objects on the ground, affecting the recorded radar brightness in a specific polar-
ization channel, (e.g., HH polarization tends to have better penetration in dense plant
cover than VV according to Zalite et al., 2014). Thus, in general the choice of polariza-
tion depends on the specific application, the characteristics of the terrain of interest and
the required spatial resolution.

The most important characteristics reported in Table 3 for the research work described
in this chapter are the SAR image resolution, the frame size and the revisit time. SAR
image resolution is a key parameter to take into account when dealing with SAR im-
agery applications because, as later discussed in Section 1.1.3 and 1.1.6, the smaller
the resolution cell, the more accurate is the location of the scatterers providing more
accurate results for structure investigation. On the other hand, the frame size is im-
portant with respect to large-scale assessment of bridge portfolios given that SAR im-
ages are not always free and thus a larger frame reduces the number of images to
cover larger areas. Lastly, revisit time depends on the number of satellites deployed in
the constellation. Revisit time is defined as the time interval between two acquisitions
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of the same scene. Different from the repeat cycle, reported in Table 3, which is only
relevant to the satellite orbits, the revisit time is relative to both orbit and payload of the
satellite, such as ¢ and swath width (Luo et al., 2017). For example, Sentinel-1 (SENT1)
satellites, Fig. 15a, have a revisit time of 6 days, while CSK satellites, Fig. 15b, have a
revisit time ranging from 1 to 16 days. Unfortunately, on 23 December 2021 Coperni-
cus Sentinel-1B experienced an anomaly related to the instrument electronics power
supply provided by the satellite platform, leaving it unable to deliver radar data (ESA,
2022b). Therefore, the revisit time of this constellation is equal to the recycle time of
Sentinel-1A satellite (12 days). Thus, give the time interval between two acquisitions,
SAR images can be effectively used for near-continuous monitoring. Furthermore,
since SAR images are stored by spaceborne companies can be used to look back in
the past from the deploying of the constellation throughout its entire period of activity.
In summary, the reasons behind SAR wide employment are manifold: (i) as active sen-
sor, the acquisition is independent from the illumination of the scene; (ii) microwaves

a) Sentinel-1A Sentinel-1B Sentinel-1A

. 6 days \

; I 12 days ,
b) CSK1 CSK2 CSK3 CSK4 CSK1

| 8 days 1 day 3 days , 4 days

1'6 days

Fig. 15 - Revisit time of (a) SEN1 and (b) CSK constellations.
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allow to acquire data beyond the cloud cover, which makes the acquisition as inde-
pendent also on the atmospheric conditions; (iii) its steering movement during flight
enhances the resolution in the azimuth direction compared to RAR; (iv) image resolu-
tion and frame size are adequate for single structure observation in a large-scale port-
folio application; (v) short revisit time and SAR image storage can be used for near-
continuous monitoring from the deploying of the constellation throughout its entire pe-
riod of activity.

1.1.3. Data types and applications

The variety of data types provided by a SAR system are related to the diverse

flavours of information that are captured in every SAR acquisition. In every pixel of a
SAR image, sensor stores signal amplitude, phase, and polarization, all of which are
related to different physical quantities of the observed scene. SAR data providers offer
their imagery in a range of different processing levels to ease the use of such infor-
mation, not always straightforward to extract and utilize. Level 0 stands for the SAR
raw data which is the base for further processing levels. Not every satellite operator
has decided to make his RAW data products available to the community. Single-Look
Complex (SLC) images, categorized as Level 1 data, are SAR data provided at the full
native resolution (single look) with both A and ¢ information stored in each pixel. SLC
products are typically provided in the original slant-range observation geometry (Fig.
12a) and are therefore not geocoded or terrain-corrected. At this level, the ¢ infor-
mation can be used for INSAR processing (see next Section 1.1.4), to map surface
topography or surface deformation. In addition, SLCs are also used for higher level
image products such as amplitude images (Fig. 16), polarimetric products, and geo-
coded images. At the end, Level 2 consists of geo-located geophysical products de-
rived from Level 1.
Regarding displacement mapping, which is the starting point for further considerations
and elaborations in the MTInSAR framework proposed in this Chapter, Level 1 SLC
images are sufficient. Analytically, a SLC image expression 7 (x’, ") can be expressed
as (Franceschetti and Lanari, 1999):
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Fig. 16 - SAR amplitude image acquired in Spotlight mode by CSK constellation (Fiorentino and Virelli,
2016).

A~ 1o 1o 4¢ o
7 r) =y, r') - —JTr(x,r) (8)

where x” and r’ are azimuth and range directions, respectively. The first term, y(x’, r’),
is a complex one and is related to the reflectivity of the scene and is used for amplitude
images. These images, Fig. 16, are in a gray colour scale and the colour is related to
the backscattered signal intensity, which depends on both physical properties of the
object and acquisition geometry of the sensor. Flat surfaces like water bodies, paved
roads, and runways appear as dark areas in an amplitude image because the radar
pulses are mirror reflected, Fig. 10c. Instead, vegetation is usually rough and is typically
visualized as a gray area (Fig. 10d). Surfaces inclined toward the sensor are very clear
in images because show greater backscatter than surfaces that slope away from the
radar.

Buildings and many man-made structures appear very clear too, because of the double-
bounce effect. The radar pulse bounces off the horizontal ground towards the target,
and then is reflected, slightly weakened, from one vertical surface of the target back to
the sensor. Regarding bare soil, the brightness of these areas may vary from very dark
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Al2

Fig. 17 - Co-seismic interferogram relating to the earthquake that struck the city of L'Aquila on 6 April
2009 and obtained with CSK SAR images acquired on 4and 12 April 2009 along ascending orbits, (REA-
CNR, 2021).

to very bright depending on their roughness and moisture content. Typically, rough soil
appears bright in the image and for similar soil roughness, the surface with a higher
moisture content will appear brighter. Hence, as a good rule of thumb, the higher the
backscattered intensity, the rougher is the surface imaged. Moreover, amplitude images
are characterized by the discussed distortions, Fig. 14, due to the acquisition geometry
and geometrical characteristics of the scene. Thus, exploiting A, is possible, through
InSAR algorithms, to recognize specific points on the Earth surface called Scatterers.
There are two types of Scatterers, named Persistent Scatterers (PSs on plural, PS on
singular) and Distributed Scatterers (DSs on plural, DS on singular). PSs and DSs are
single, or group of scatterers placed on the Earth surface, respectively, characterized
by high phase coherence over time. PSs generally refer to parts of buildings or struc-
tures and can be used to monitor the behaviour of a specific structure.

The second term in Equation (8), specifically 47” -r(x’,r"), is the phase information
and is used to generate interferograms. The interferogram is the data matrix obtained
from the comparison between two SAR acquisitions of the same area and contains, for
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each unit, the phase difference information related to the various contributions that gen-
erate the phase value in each image. These products allow to estimate the displacement
of the Scatterers through specific algorithms named Differential Interferometry Syn-
thetic Aperture Radar (DInSAR) and Multi-Temporal Interferometry Synthetic Aperture
Radar (MTInSAR).

1.1.4. DInSAR algorithms
The most important information for InSAR techniques is ¢. Its value is consid-

ered as the sum of few components:

41
p=9+ Tr T Agtm T Nnoise )

where ¢, is due to the reflectivity of the target, r, is the distance between the target and
the sensor, a,n, is the atmosphere component, and 11,4, iS the noise component due
to the acquisition system. ¢ of a single SAR image is pointless because it is impossible
to discriminate one contribution from another to define the distance between the sensor
and the target. However, if two SAR acquisitions relating to the same area are available
it is possible to use the phase information contained in them to calculate the displace-
ment of a scatterer in a time interval (i.e., the time shift between the two acquisitions,
called temporal baseline). This technique is known as DInSAR. Indeed, by subtracting
¢ of one image (slave image) from the other one (master image) an interferogram is
generated in the (x',r’) plane. The phase difference A¢ can be written as the sum of
different contributions:

A(p — A(ptopography _l_A(pnoise +A(patmosphere +

+A¢orbit + A(pdisplacement (10)

Al s related to the topography and is accounted considering the perpendicular
baseline of the interferogram (the distance between the two satellite orbits of the ac-
quisitions is called perpendicular baseline) and an accurate digital elevation model
(DEM) of the scene. A@™* is the decorrelation noise and can be divided into spatial
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and temporal decorrelation. Spatial decorrelation happens for high perpendicular base-
line values, while temporal decorrelation for different electromagnetic properties of the
in slave and master images. A@*™"" accounts for different atmospheric conditions,
and A" regards the inaccurate orbit knowledge. Ap?™™ is obtained by removing
the stated contributes and is equal to:

] 41T 41t
A(pdlsplacement ~ 7Ar(x’,r’) = 7 dLos (11)

From Equation (11) the displacement of a point in the image along the LoS, dj,s, is
equal to:

A(pdisplacement )
dios = o E (12)

Equation (12) suggests that INSAR technique can track displacements up to a quarter
of A, for A equal to 2mr, because ¢ value of the interferogram is in [-rr; + 7] range.
This is reflected in @ measurement ambiguity, as explained in Fig. 18. In this figure, d
is the distance travelled by the wave in a complete cycle, dy, is the displacement meas-
ured in the [-ir; + mt] range, and d,,s is the displacement along the LoS. In case (1),
00s = dy < d and the system capture a,,s without ambiguity. In case (2), s = ay +
d > d but ¢ is useful to capture the d), value only and this is called measurement
ambiguity. Hence, case (1) and (2) are equivalent because the system registers only a
ady value. To avoid mistakes in evaluating the displacement of the target d,.s it is nec-
essary that between the master and the slave images the target does not undergo dis-
placements greater than d. This means that DInSAR techniques applied to data acquired
by the CSK constellation, A = 3.1 cm, is capable to measure d of 0.78 cm for two
consecutive images. To solve this ambiguity, due to the so called “wrapped” interfero-
gram, another step named “phase unwrapping” is required to recover the absolute
value of Ae.

The displacement measurements gathered from the interferometric analysis are differ-
ential in both time and space domain. Indeed, any measured movement is calculated
with respect to the date of the master image (i.e., Reference Date) and with respect to
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Master image Slave image

Fig. 18 - DInSAR displacement ambiguity.

a pixel (Reference Point), chosen in an area considered stable or of known deformation.
Despite the ability to capture displacements in a millimetre scale, some limitations af-
fect the DInSAR technique. DInSAR algorithms are susceptible to temporal decorrela-
tion and atmospheric disturbances, which can degrade the quality of deformation
measurements. To overcome these limitations, MTInSAR algorithms are used.

1.1.5. MTInSAR algorithms

MTInSAR algorithms, compared to DInSAR algorithms where input data is a
couple of SAR images, take advantage of large SAR imagery datasets of the same area.
The main differences between the several literature MTINSAR algorithms are the se-
lected scatterers, PSs or DSs (in some cases both, as in Bovenga et al., 2004), and
the selection criteria of the interferograms based on the temporal and perpendicular
baseline. Each algorithm returns a displacement time series along the LoS for each
scatterer. MTInSAR techniques can be classified into PS approaches, as PSInSAR,
SqueeSAR, StaMPS, and Small Baseline (SB) approaches as SBAS-DInSAR.
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Persistent Scatterer Interferometry Synthetic Aperture Radar, PSInSAR (Ferretti et al.,
2001), is a PS technique based on the observation that a small subgroup of radar tar-
gets, the PSs, is immune to spatial and temporal decorrelation. These targets preserve
phase coherence and are used to reduce the atmospheric phase contribution. PSINSAR
technique assumes a single master image for the entire dataset, between M SAR im-
ages, and M — 1 slave images to generate M — 1 interferograms. Considering a dataset
of 40 SAR images over a 2-year period, the dj.s values are affected by an error of = 5
mm and the average velocity along the LoS, Vi.s, by @ = 1 mm/y error if the reference
point is closer than 1 km from the PS (TRE ALTAMIRA, 2009).

SqueeSAR (Ferretti et al., 2011) is an evolution of PSINSAR and provides an increased
coverage of ground points, especially over non-urban areas where DSs are considered
too along with PSs. The precision of the measurements provided by this technique are
substantially consistent with those reported for the PSINSAR technique.

StaMPS (Hooper et al., 2004) and its evolution STAMPS/MTI (Hopper et al., 2013) is
based on the scatterers with stable phase characteristics independent of amplitudes
associated with man-made objects and is applicable to areas where conventional In-
SAR fails due to complete decorrelation of most scatterers.

SBAS-DInSAR (Berardino et al., 2002) relies on an appropriate combination of many
interferometric pairs obtained from SAR with small perpendicular and temporal base-
lines. This assumption allows to minimize the spatial and temporal decorrelation and to
increase the number of coherent points per unit area for which a reliable displacement
measure can be provided. This technique is suitable for local- and large-scale analysis
and thus takes full advantage of satellite data. The d,,s values are affected by an error
of = 5 mm and the V,,s by a = 1 mm/y error.

Stable Point INterferometry even over Un-urbanized Areas, SPINUA (Bovenga et al.,
2004), analyses input SLC images and a coarse DEM of the area under investigation.
Slave images are co-registered, hence superimposed on the master image by using
precise orbit information and the input DEM (Nitti et a/., 2011). SPINUA adopts the
MTInSAR processing chain, which is applied to generate a stack of differential interfer-
ograms calibrated to detect potential scatterers, both for PSs and DSs (Ferretti et al.,

34



Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

2001). After, an atmospheric phase filtering is applied to remove atmospheric and or-
bital artefacts. The obtained phase information for PSs and DSs candidates is combined
with a robust kriging-based interpolation (Belmonte et al., 2017), providing a resulting
image stack that is analysed to identify final scatterers and to estimate the height and
LoS displacement time series. The reliability of the estimation is determined by inter-
image coherence (or temporal coherence). Proper thresholds are identified on the base
of the monitoring period, the number of images and their distribution in the perpendic-
ular/temporal baseline plane. In the end, for each scatterer the main parameters and
attributes are obtained (i.e., Latitude, Lat, Longitude, Lon, and V,s). An accurate pa-
rameter setting (e.g., the ones regarding the atmospheric phase contribute) allows for
reaching an accuracy of 1+2 mm/y for the V,,s output, for points 5 km far from the
reference point.

PS and SB techniques have some advantages and disadvantages. First, PS techniques
use SLC images, at full resolution, while SB typically use multi-look characterized by a
lower resolution. Second, PS techniques discard considerations about the temporal
and perpendicular baseline, at the expense of the number of scatters, but SB tech-
niques, although require an extra computation effort to proper select master and slave
images for interferogram generation and combination of the interferogram stacks to
obtain a displacement time series, can achieve a higher number of scatterers. Given
the purpose of portfolio scale assessment, where wide areas are analysed, PS tech-
niques are suggested to reduce the computational effort.

Concluding this section, each point PS/DS is characterized by the following attributes:
georeferenced position, defined through Lat, Lon, and Height, according to the WGS84
geodetic reference system, LoS displacement time series, average velocity along the
LoS, V,,s, for the entire period and calculated as the slope of the Least Squares Regres-
sion line on dy,s time series, and coherence. This latter parameter quantifies the con-
sistency of the estimated LoS displacement time series with a mathematical model
based on ¢ used in the specific algorithm. Coherence value ranges between 0 (low
coherence, not reliable result) and 1 (high coherence). In structural monitoring
applications, to avoid unreliable estimates, a threshold should be fixed for this attribute,

35



PhD Mirko Calo | XXXVII cycle
a) Ua b) N a
(od’

dLoS \
PS E PS E

-~
v
-~
v

\ 09

v v

Fig. 19 - Projection of the real displacement, dgea, along the LoS dios. View on (a) Up-East plane (U-E,
U is the Vertical direction in WGS84), and (b) N-E plane.

depending on the type and the quantity of data at disposal. the LoS displacement rep-
resent the projection of the real displacement along the LoS itself (Fig. 19). Hence, due
to satellite near polar orbits, it is not possible to evaluate displacements occurred along
the N-S direction (Fig. 19b), while results can be reliably obtained in W-E direction.
Finally, for convention of sign, a positive value of the LoS displacement is assigned if
the detected motion approaches the satellite along the LoS direction.

1.2. MTINSAR for structures and infrastructures

In this section, a short description on the applications of MTInSAR for structural
near-continuous monitoring is provided. As the main field of application, MTInSAR pro-
cedures are suitable for studying slow kinematic phenomena, such as landslides (In-
fante et al., 2019; Luo et al., 2021) and subsidence (Blasco ef al., 2019; Orellana et
al., 2022) occurring in large areas. Several studies apply MTInSAR to monitor trans-
portation infrastructure networks. For example, Fiorentini et al. (2020) focused on map-
ping and predicting the surface movement of road infrastructures over a wide area in
the Province of Pistoia, Italy. Macchiarulo ef al. (2022) proposed a semi-automatic GIS

integrated methodology, whose capability was demonstrated on two real case studies
36



Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

in United Stated and Italy. MTInSAR is also used to identify the effects of landslides and
subsidence on the existing building stock. Di Carlo et al. (2021) discussed about the
settlement evaluation of two case studies of RC buildings in Rome, Italy, by means of
CSK imagery collected along ASC and DSC orbits. Miano et al. (2021) and Infante et
al. (2019) use numerical models for infilled RC frame buildings to find a numerical
correspondence between the landslide-induces displacements measured via MTINSAR
and the damages detected on the buildings. Other studies deal with MTINSAR monitor-
ing of critical structures such as dams (Milillo et al., 2016; Scaioni et al., 2018). On
the other hand, of interest for the scope of this paper are the works using MTInSAR for
bridge monitoring.

Moving on bridge SHM, and looking at bridge portfolios, Peduto et al. (2018) formu-
lated a procedure to investigate bridge settlement-induced damages via empirical fra-
gility curves in Amsterdam city which are calibrated by using MTINSAR measurements
and damages detected on site. Nettis et al. (2022) proposed a methodology based on
an automatic geoprocessing pipeline, aimed at automatically interpreting bridge-spe-
cific displacement scenarios and for providing monitoring/assessment priority classes
via MTInSAR. The methodology was applied to two highway networks in Italy by using
SEN1 and CSK satellite datasets. Del Soldato et al. (2016) monitored a roadway multi-
span RC bridge in the harbour of Valencia, due to opened joints and damaged pavement
in the abutment-embankment transition area. The INSAR analysis was used to show
values of displacements higher than 20 mm in a four-year range period. Hoppe et al.
(2019) presented two post-tensioned bridges in Virginia, U.S., monitored through Ter-
raSAR-X data. The results of the investigation showed that there was not any evidence
of permanent bridge deformations. Giordano et al. (2022) used satellite data and prin-
cipal component analysis for purpose of bridge damages detection. Authors developed
a framework, which evaluated displacement time histories by removing environmental
conditions. The effectiveness of the method was assessed by applying the proposed
methodology on a real steel truss bridge located in the Rome area, which was subjected
to subsidence-induced deformations. Markogiannaki et al. (2022) investigated MTIn-
SAR potentialities to support bridge visual inspections, through an application on a
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bridge located in Greece. D-TomoSAR advanced technique was employed to achieve
crucial conclusions on the performance and traffic capacity of the asset. Decoupled
displacements suggested an evolving deformation of 1.8 mm/year for an absolute value
of 9.5 mm that, according to authors, can be related to evolving degradation phenom-
ena, as confirmed by on-site inspections.

Other studies focus on analysing the thermal behaviour of a given bridge based on
MTInSAR measurements (Huang et al., 2017; Huang et al., 2018; Lazecky et al., 2017,
Jung et al., 2019). For instance, Cusson et al. (2018) and Cusson et al. (2021) applied
RADARSAT-2 data and on-site sensor-recorded temperature to evaluate the structural
behaviour of a bridge located in Canada. The bridge finite element (FE) model was used
to apply recorded temperature data for evaluating the bridge thermal sensitivity to lon-
gitudinal displacements. Using a linear regression, the same parameter was also eval-
uated on satellite displacements. The InSAR displacement thermal sensitivity data was
then evaluated and matched between the two elaborations.

Some studies focus on the identification of displacement precursors of bridge collapse.
For example, Selvakumaran et al. (2018) analysed an arch bridge in U.K., partially col-
lapsed after a period of severe rainfall and flooding. Analysing the LoS displacement
time series of the points located near the collapsed pier, authors identified as displace-
ment outliers the last two acquisitions before collapse. The outlier definition was based
on the statistical analysis of the displacement data, giving high relevance to the values
exceeding three times a fixed interquartile range. Farneti et al. (2022) dealt with a frame-
work to evaluate displacements in multi-span bridges by means of MTInSAR. Starting
from the decomposition of LoS displacements to longitudinal and vertical components,
they accounted for systematic and random errors, depending on the precision of the
first LoS measurements and the plane in which the deformation was assumed. The
methodology was applied to the Albiano-Magra Bridge, exploiting a five-year period of
satellite data. Macchiarulo et al. (2022) identified several PSs with V.5 values lower
than - 6 mm/y in the area near the Himera viaduct, which partially collapsed in 2015.
Of interest are some studies about the Polcevera Viaduct (Genova, Italy) collapse. Mil-
illo et al. (2019) and Milillo et al. (2020) employed a modified version of a MTINSAR
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algorithm to evaluate relative displacements, observed over the five-year period before
the collapse and referred to a reference point belonging to the bridge deck. In this way,
authors focused on differential displacements along the suspended part of the bridge,
which resulted to present a maximum velocity of 14.1 = 7.5 mm/y. Instead, Lanari et
al. 2020 recorded, by a different algorithm, a lack of coherent scatterers in the central
part of the bridge affected by nonlinear displacements, evidence attributed to vibration
effects and wind.

At the end of the literature review, the reasons provided at the end of section 1.1.3 are
confirmed motivating the use of InSAR for bridge monitoring. First, this approach re-
quires a relatively low-cost information source, considering that, for example, SEN data
are completely free (Copernicus, 2020). Second, depending on the microwave sensor
band, X or C, a different spatial resolution and measurements accuracy can be
achieved, which make the InSAR techniques suitable for both large and local scale
analysis. Finally, a multi-year stock of data is available for analysis (limited by constel-
lation activity period), which allows users to assess possible events on the focused
area counting on an acquisition frequency spanning from 6 to 14 days. Most of the
reported research studies focus on well-known or well-defined case studies to investi-
gate the use of SAR data from a single facility perspective. Hence, such techniques
might not be extensively generalizable for bridge portfolios monitoring applications. For
this reason, with the aim to overcome these limitations, an early warning system is
proposed and implemented in a Python module, to be used on a specific bridge typol-
ogy, simply supported concrete girder bridges, as the most spread in ltaly.

1.2.1. MTINSAR-based early warning system: a framework proposal

In this Section, the framework of the proposed MTInSAR-based early warning
system for purpose of bridge monitoring is reported. The main aim of the procedure is
to provide a support for the structural near-continuous monitoring via MTInSAR, by
exploiting and elaborating other poor data. This can confer a standardized and repro-
ducible approach for the considered structural typology (i.e., simply supported con-
crete girder bridges). The proposed framework is structured as reported in Fig. 20. The
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Fig. 20 - Workflow of the proposed MTInSAR-based early warning system framework.

idea behind the procedure is also covered by the [talian patent request n.
102024000002389, entitled “Metodo di early-warning per predire il comportamento
strutturale di ponti esistenti basato su dati MTInSAR”, date of filing 06 February 2024.

1.2.1.1. Data collection

Single or multi-span simply supported RC girder is the most spread construc-
tive typology for existing bridges built in the period 1950-1990 in Italy as shown in the
Introduction (Fig. 4c and Fig. 6a). Span length can extend up to 40-50 m, and they are
built through cast-in-place elements (generally) up to 30 m, while prestressed beams
are used for longer span length. Usually, the superstructure is characterized by
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longitudinal girders connected by transverse beam elements (diaphragms) and an RC
slab. To transfer forces and displacements from superstructure to substructure com-
ponents, such as piers and abutments, bearings devices are used. In simply supported
girder bridges, expansion joints allow relative displacements and rotations between ad-
jacent decks under service loads, while guaranteeing continuity of the road surface for
the comfort of travellers. Considering service conditions, as the ones in which no haz-
ards occur, simply supported RC girder bridges present deformations in longitudinal,
transverse, and vertical directions. With a certain degree of simplification, the vertical
displacements can be related to traffic loads acting on the slab, and gravity loads, while
longitudinal and transverse displacements are mainly related to the environmental con-
ditions (e.g., temperature and solar radiation). Longitudinal displacements are mostly
concentrated in the support zones, while the transverse displacements can occur from
the bridge centreline to the end of the transverse section.

The proposed framework is based on the analysis of such displacement patterns which
are characteristics for simply supported girder bridges. To develop the proposed frame-
work, some initial information is required. In detail, satellite data are required as well as
a generic MTInSAR algorithm. With this regard, image stacks acquired according to
both ASC and DSC acquisition geometries are needed for a given period at disposal.
Since bridge monitoring via satellite data requires a high level of spatial detail and dis-
placement accuracy, the use of satellite imagery acquired with the highest available
resolution is recommended (e.g., CSK X-band sensor data working in StripMap
HIMAGE mode) as in Hoppe et al. (2019).

Still, to apply the framework to a specific bridge, the knowledge of poor, easily acces-
sible, structural details is required. As minimum requirements about the information to
gather, it is necessary to dispose of (a) the bridge coordinates, to match satellite data
with the position of the structure; (b) the height above sea level (a.s.l.); (c) the number
of spans and the longitudinal-transverse dimensions of each span, to identify the pla-
nimetric extension of the structure; (d) the deck cross-section geometry, to identify the
distribution of beam elements; (e) the number of bearings and their arrangement as
movable and fixed supports. In the case in which beams are placed on unbonded old
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elastomeric supports, the higher the rubber layer, the greater its stiffness at the trans-
lation (with the same G), and then a smaller displacement is allowed. This information
is easily accessible if original design documents and drawings are available. Indeed,
from the management companies’ point of view, such data should be available before
to perform any type of prioritization procedure, as recommended by the Italian guide-
lines, IG (MIT, 2020). When the abovementioned structural data are lacking, some lim-
itations can characterize the proposed approach and then some hypotheses must be
introduced, by employing other sources of data. For example, beam RC cross sections
could be assumed through a fast on-site survey. Obviously, the lack of information
could reduce the reliability of the framework output, considering the necessity to ac-
count for some hypotheses.

Close to structural data, the last source of information to retrieve regards the tempera-
ture data, which is required to describe the bridge thermal behaviour (see Section
1.7.6). As showed in Fig. 20, temperature data are used to define the temperature on
the first acquisition date, T, and the maximum and minimum temperature delta, ATy
and AT,y respectively. These constant temperature deltas, calculated as difference be-
tween Tyux (or Tuw) and Tg.q, are referred to the hottest and coldest satellite acquisition
day. Ideally, this information should be captured by sensors placed on bridges to rec-
reate the real temperature profile along the vertical section of the deck, possibly one
acquisition for each span considering the different environmental conditions induced
by the shade of the vegetation, which could reduce the solar radiation impact. In addi-
tion, the sensor sampling frequency should be equal to the satellite one. Since few
bridges are equipped with these types of sensors, another source of temperature data
could be explored, that is the one obtained from close weather stations. To define reli-
able estimates, the distance between the station and the facility should not exceed the
10 km, to foster the representativeness of data, especially for complex topographic
areas. This solution is less accurate than the sensors-based one, because air temper-
ature is different from the one registered on the road pavement, and the solar radiations
influence the deck temperature profile. A third option is given by the application math-
ematical models, as the cosine temperature model (Mahaffy, 2012). This latter, fitted
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over weather station data, could help to reconstruct the temperature values along the
interested period.

1.2.1.2. SPINUA Interferometry analysis

For the application of the proposed framework in this research work, results of
SPINUA results of SPINUA algorithm were used. Nevertheless, as explained in Section
1.1.5, PS techniques are suggested. Furthermore, the use of only PSs is suggested
given that: (a) DSs refers to more pixels than PSs and is not sure that MTInSAR algo-
rithm groups pixels of bridge areas characterized by the same structural behaviour (i.e.,
those close to pinned and roller supports); (b) considering the overall dimensions of
the bridges, very few DSs belonging to the bridge could usually be identified, making
the further analyses statistically inconsistent.

1.2.1.3. Bridge footprint definition and PS selection

Once satellite images are elaborated and PSs are recognized through an MTIn-
SAR algorithm, this step of the procedure aims to select a subset of PSs for extracting
bridge deformation information. The first PS attribute to evaluate is the planimetric po-
sition, which is identified by Lat and Lon. Such quantities can be used under the, herein
named, ‘POS’ criterion, which aims to recognize if the PS is placed inside or outside of
the bridge footprint. This operation is not straightforward, considering possible errors
in the geolocalization of the PSs and of the footprint. In general, the footprint localization
and its dimensions should be available on the original design drawings. Otherwise, a
free repository of geospatial data collected via shapefiles, e.g., OpenStreetMap (OSM,
2024), can be used to effectively retrieve the bridge position (Macchiarulo et al., 2022,
Nettis ef al., 2022). The same database can be used to find the bridge width. Indeed,
each line feature stored in the OSM database is provided with the width of the street,
which can be assumed, with a satisfying degree of approximation, equivalent to the
bridge deck. The position of the footprint and the position of the PSs are characterized
by inaccuracies, which are different for the two data sources. Hence, to manage this
matching operation, it is assumed for simplicity that the footprint position is correctly
identified, and a homothetic buffer zone can be fixed, by using a width equal to the
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resolution of the cell dimension. This choice is justified by the definition of a PS, be-
cause it is unique within the resolution cell and its real position can be somewhere
inside the pixel (Calo et al., 2023). According to Peduto et al. (2018) and to REA-CNR
(2023), a 3 m buffer for CSK dataset is suggested when for StripMap HIMAGE mode
is used (resolution cell of 3 x 3 m is denoted). Comparing the PS position with the
buffered footprint may lead to select PS that do not actually belong to the bridge. This
phase is paramount especially in urban contexts, where high PS densities are achieved.
To refine the PSs selection, other attributes contained in the dataset can be employed
(see Section 1.1.5), to complete the selection through other criteria:

e ‘H_GEO’, which compares the height attribute of each PS to the bridge infor-
mation about height a.s.l. As pointed out by Talledo et al. (2022), since PS
position is evaluated with respect to that of the reference point, a potential un-
certainty in its estimation has a uniform impact on all PS. Hence, all pixels could
be affected by the same rigid translation whose value can be different for ASC
and DSC dataset. This height shift is computed as the difference between the
bridge height a.s.l. (or its average value if it is sloping) and the PS average
height. The PS is selected if its biased height value is comprised between the
bridge height above computed, added and subtracted from a quantity related to
PS height uncertainty, as explained in Section 1.2.1.1. For CSK datasets, this
value amounts to 1 m.

e ‘COH’, which excludes PS characterized by coherence values lower than a fixed
threshold. This threshold should be empirically set up by considering the char-
acteristics of the processed image dataset, such as the number of SAR acqui-
sitions, the overall time interval, and the sampling time of the available acquisi-
tions (Mele et al., 2022). The available literature suggests assuming coherence
threshold values ranging from 0.45 to 0.8 (Milillo et al., 2019; Di Carlo et al.,
2021; Lazecky et al., 2017; Cusson et al., 2018; Cusson et al., 2021; Milillo et
al., 2020).
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e ‘VV LOS’, which evaluates the distribution of Vs attribute and returns only
points whose V,,s value is between 5% and 95% percentile. With this regard,
Giordano et al. (2022), assuming the V/,,s standard deviation (oy,s), employed
a threshold of + 20y, to discriminate PS belonging to the structure. The oy,s
value was referred to the V,,s values estimated over 2 years for which the bridge
is considered in a healthy state. Since neither prior information are required nor
preliminary evaluations are performed about bridge healthy state, a larger
threshold is fixed to prevent information loss gained by PS characterized by
high Vo5 values.

A combination of the presented criteria could also be considered for densely populated
datasets, paying attention to not excluding representative points and not excessively
reducing the number of available PS for the applicability of the next steps. The authors
suggest linking all the above criteria in a hierarchical order as follows: ‘H_GEQ’, ‘COH’
and ‘V_LOS’. The ‘H_GEQ’ criterion is considered as important as the ‘POS’ one be-
cause it is also related to the bridge location, and for this reason should be used as
first. Secondly, a coherence threshold equal to 0.65, according to the specific SPINUA
recommendations, must be fixed to avoid PS do not adhering to the adopted ¢ model
in the MTInSAR algorithm. Lastly, ‘V_LOS’ could be used to exclude PSs characterized
by high-velocity values, which are reasonably not representative of the possible under-
going phenomena (e.g., values ten times higher than the average). It is worth noting
that the proposed approach to select PSs does not involve specific clustering tech-
niques (e.g., K-means), which could be especially used for large-scale monitoring of
structures in urbanized areas. For example, Mele et al. (2022) proposed the Density-
Based Spatial Clustering of Applications with Noise clustering technique, which allows
a sub-optimally attribution of PSs to specific buildings in aggregate contexts.

1.2.14. LoS displacement time series

Once the PS candidates are selected, the phase for computing displacement
time series can be initialized. The first step involves the interpretation and the
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combination of the ASC and DSC dataset acquisitions, which are available for different
PSs. Indeed, the PSs from ASC and DSC geometry are different because the points
recognized by the MTInSAR algorithm on these image stacks do not overlap. This hap-
pens for at least two reasons. First, the satellite images are different due to the satellite
right look view in both geometries which makes the scene different. Second, image
distortions are different, as well as the @ angle. Therefore, the identification of unique
PS pairs is required to represent the same point in the scene. Di Carlo ef al. (2021)
suggested comparing the mutual distance between PSs with the position accuracy and
selecting PSs presenting the first parameter lower than the second one. This approach
was provided for the purpose of building applications, but it cannot be applied to the
bridge case. Indeed, in the case of mismatched points, despite the mutual distance is
lower than positioning accuracy, the PSs could belong to some parts of the bridge,
which may be characterized by a different displacement behaviour (e.g., one PS is
located above a fixed bearing, and one is located above a movable one). To overcome
this problem, a position-based clustering method is proposed, which neglects PS geo-
positioning errors. The footprint is divided according to the span positions concentrat-
ing half extra bridge length, due to ‘POS’ criterion, to the side spans (or to the only one
if a single-span bridge is analysed). Then, the span is considered as a reference unit
and its centroid is characterized by the average displacement time series of all previous
selected PSs falling within it. In this way, the influence of the false-positive PSs repre-
senting points outside of the bridge is minimized.

Depending on the number of PSs in each dataset and on their spatial distribution, a
more refined subdivision can be processed, as shown in Farneti ef al. (2022) and
Giordano et al., (2022). This subdivision can be processed to define homogeneous
sub-regions in terms of expected structural behaviour. Hence, the footprint of each
span should be divided along the side of the longitudinal axis into sub-regions, with a
minimum of 3 parts. Given the investigated structural typology, of interest are the parts
close to the bearings, which behave in a certain way under service conditions and the
central parts (e.g., middle-span), which differently behave from the previous ones (see
Section 1.2.1.7). Obviously, the resulting sub-region size cannot be lower than the

46



Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

satellite image resolution since PS is unique within the resolution cell. In the case of
high PS density, a further subdivision can be performed, orthogonally to the one just
defined. Again, this additional subdivision must be avoided for a deck having a width
lower than twice the resolution of the cell. The main difference between these analysis
solutions lies in the hypothesis on the transverse behaviour of the viaduct. In the case
of transverse subdivision only, the flexural behaviour of the deck is assumed to be
described by the hypothesis of infinite flexural stiffness of transverse diaphragms in
their own plane. This implies the absence of differential displacements between the two
outer regions of the transverse subdivision. Conversely, also considering the longitudi-
nal subdivision it is possible to assume that differential displacements occur.

Another aspect to highlight is the time shift occurring among ASC and DSC acquisi-
tions. This is due to the operativity of the adopted sensors, which is characterized by
two orbits that do not revisit the same scene on the same day. To address this differ-
ence in terms of time, the first solution is the one proposed by Talledo ef al. (2022),
which resampled one time series on the temporal baseline of the other one, by using a
linear interpolation of the missing values. This solution is reliable for two datasets pre-
senting a low time lag between them (e.g., SEN datasets with six-days of time interval)
and a regular sampling frequency without missing values. A second option is provided
by Nyquist-Shannon theorem, which can be applied to resample a non-uniform sam-
pled series, starting from the average sampling time. The main disadvantage of the
above techniques lies in the loss of real acquisitions from one of the two datasets. To
overcome this limitation, another resampling approach can be mentioned, where both
acquired time series are merged to consider an “enlarged” temporal baseline. This latter
extends from the further last acquisition to the closer first acquisition and missing val-
ues are estimated through a linear interpolation among consecutive measures. The cri-
terion to select the first and the last dates is not random, and it is formulated to avoid
interpolations where data are missing (e.g., back interpolation from closer to further
dates). In this way, the information contained in all the acquisitions is preserved and
the new values are coherent with the acquisitions. This approach was adopted in the
proposed framework, and it also considers the possibility that the initial acquisition, in
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one of the resampled time series, is characterized by a non-null displacement value.
As suggested by Di Carlo ef al. (2021), in this case, the entire time history can be
depurated from this non-null displacement value.

At this point, ASC and DSC displacement time series could be combined, but some
considerations should be highlighted starting from LoS values. Assuming for the sake
of simplicity, that both acquisition geometries present the same & angle, if Vs values
have the same magnitude and the same sign, the PS is moving upwards or downwards,
depending on the LoS acquisition sign and the abovementioned sign convention. In-
stead, in case of opposite signs between measures, the movement is along E or W. In
most cases, ASC and DSC displacement vector modules are not characterised by the
same values and the result is like the one shown in Fig. 21. This observation can be
used with ASC and DSC V,,s values to estimate the prevalent displacement component
over the observation period, although not very accurate.

Finally, it is worth specifying that each displacement measure (along the LoS, for both
acquisition geometries, and the ones derived from further elaborations) is referred to
the master image, which, in turn, reflects an initial specific deformed shape that is un-
known. If on one side, the information about the initial deformed shape could be im-
portant, on the other side, the proposed procedure aims at assessing the evolution of
the deformation over time. Hence, as can be observed later (see Section 1.2.1.7), the
comparison of the deformation with the proposed limits could reveal the occurrence of
permanent anomalies, which do not depend on the initial deformed shape.
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Fig. 21 - ASC (blue vector) and DSC (red vector) LoS displacement vectors combination resulting in
longitudinal (green vector) and vertical (purple vector) components. Although cartesian reference system
is drawn, X is referred to West-East (W-E) direction, Y to North-South (N-S), and Z to Vertical (U)
direction. On top-left corner is shown a 3D representation of the mentioned vectors, on the top-right the
2D projection on X-Y plane. On the bottom, from left to right the 2D projections on X-Z and Y-Z planes.

1.2.1.5. Displacement time series analysis for bridge monitoring

Having at disposal ASC and DSC satellite imagery, the MTInSAR technique is
used to retrieve the LoS displacement, d,.s, whose magnitude is the result of the real
displacement, dg.s, projected along satellite LoS, as shown in Fig. 19. It is worth
strengthening the necessity to combine the two acquisition geometries for the purpose
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of structural performance assessment via MTInSAR data. In fact, considering only one
acquisition geometry, the only presence of different /,,s values (e.g., positive and neg-
ative) for spans with the same geometry and orientation is not enough to identify an
evolving undesired structural behaviour possibly related to subsidence or landslide. As
for example, in the case of Albiano-Magra Bridge (Farneti ef al., 2022), the V,,s values
of PSs located on the last two spans on the right-hand side had a greater magnitude
compared to the other ones, but this information did not provide a reliable identification
of an evolving deformation pattern which can be connected to a specific structural
anomaly. Instead, by combining the two geometries, an upward displacement was
identified, and it was related to a specific slow ground movement due to the activation
of a landslide (that is probably the potential cause of the Albiano-Magra Bridge col-
lapse). For the case at hand, LoS displacements, d,,s, can be referred to the Reference
System defined by W-E, N-S, and U directions. Equation (13) shows d,s as the product
of its components along the above-mentioned Reference System, dge vector, and di-
rectional cosines of the LoS direction in the Reference System, stored in the d;s.

dros = Urosdreal (13)
U5 = [sinBcosa; —sinbsina; cosh ] (14)
drear = [dg; dy; dU]T (15)

Hence, substituting Equation (14) and (15) in Equation (13), d,.s is equal to:
dios = dgsinfcosa — dysinfsina + dycosf (16)

where a is assumed positive clockwise from E to ground range and ¢ is the angle
between U and LoS direction (Fig. 12a). On this base, some assumptions can be fixed
to derive the displacements of the bridge superstructure under service conditions. First,
assuming to neglect thermal transverse displacements (in most cases transverse dis-
placements are negligible with respect to longitudinal ones), the possible degrees of
freedom for the bridge are defined in a vertical plane described by the bridge vertical
and longitudinal directions. Second, in view of developing an output-only methodology,
no information about geo-hazards, like landslides phenomena, is known prior to the

assessment. If such phenomena have occurred during the observation period or are
a0
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still active, the proposed approach will provide a deviation between the monitored be-
haviour of the bridge and the expected one. Hence, under this second hypothesis, the
real displacement can be assumed along the directions defined by bridge service con-
ditions (e.g., thermal and traffic/gravity loads). d,s can be described with respect to a
Mobile-Local Cartesian Reference System (M-LCRS) fixed in the centroid of the con-
sidered reference unit and below described. This M-LCRS is created by assuming the
Longitudinal (L) direction parallel to bridge/sub-region main longitudinal axis, the Verti-
cal (V) direction defined by a normal vector to road pavement (Fig. 22), and the Trans-
verse (T) direction to complete a right-handed cartesian reference system. The change
of reference system from E-N-U to L-T-V, leads to re-write Equation (15) in:

[dEi dy; dU]T = RyR7Ry, [dL; dr; dV]T 17)
where:

[ cosy siny O]

Ry =|-siny cosy 0 (18)
0 0 1.
rcosfp 0 sinf

Ry = 0 1 0 (19)
|—sinf 0 cosf]
[1 0 0 1

R,=|0 cosé siné (20)
|0 —sind cosé

Hence, dy,s is equal to:
dpos = UrosRyRTR,, [dL; dr; dV]T (21)

Equation (21) presents three unknown terms, that is, a,, a7, and dy. These latter repre-
sent the components of the assumed real displacement along the new reference sys-
tem axes. To find the three unknown values, three LoS acquisition datasets from differ-
ent geometries should be required (e.g., imagery corresponding to a higher incidence
angle or left-looking geometry, in addition to conventional ASC and DSC acquisitions).
Considering that only two datasets (e.g., ASC and DSC) are usually available, one of
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Fig. 22 - Coordinate Reference System (blue lines) and M-LCRS (red lines). Left span shows y definition
(roll), middle span shows 8 definition (pitch) and the right span & definition (yaw).

the displacement components can be neglected to solve the system. Among the can-
didates, the negligible component is assumed the transverse one (d+) since temperature
effects are prevalent along the longitudinal direction (L). The two remaining unknows
are calculated for each sub-region updating rotational matrices values (Equations 18,
19, and 20), according to sub-region directions, defined by the angles y, 8, and & (Fig.
22). The above matrices describe the rotations Ry, Ry, and R, along the local axis V, T
and L, respectively. y is considered positive from E to L clockwise, or negative if ac-
counted counterclockwise, as well for 8 and 6 from V to U. These angles are limited
between 0° and 180°. The use of rotational matrices to project d,,s along M-LCRS in-
stead of simpler E-W direction allows estimating more accurate time series compo-
nents of the bridge displacements, because are referred to the main axes of the bridge
(REA-CNR, 2020). To conclude this step, the hypothesis of transverse negligible dis-
placement is not valid in the cases of N-S orientation (or nearly N-S) since the LoS
projection of the longitudinal displacements is almost equal to 0, due to the satellite
acquisition geometry. In these cases, the transverse displacements can be evaluated
and compared with proper thresholds referred to the abovementioned service condi-
tion. The described steps can be then repeated for each acquisition, to obtain L and V
time series.

1.2.1.6. Seasonal trend decompaosition

Given displacement time series in L and V directions for each sub-region, some
considerations about the use of the data should be highlighted. To estimate bridge
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seasonal fluctuations, the magnitude of the displacements, and the trend of each com-
ponent, a seasonal trend decomposition method is employed. Cleveland ef al. (1990)
proposed the method, herein named STL (seasonal trend decomposition based on LO-
ESS) and depicted in Fig. 23. Using the STL approach, it is possible to derive from a
displacement time series the trend T,, the seasonal S..s, and the remainder R,; compo-
nents, according to an additive model, mathematically described as:

x(t) = Tr(t) + Seas(t) + Res(t) (22)

To estimate all seasonal contributions, an iterative procedure is involved, whose main
steps are reported as follows:

e Perform a weighted moving average (LOESS) on the original time series, to
estimate the local trend.

e Depurate the estimated trend from the original time series and estimate the
seasonality and noise components. This step can be iteratively performed to
improve the accuracy of the seasonal estimation.

e Apply the LOESS algorithm to the seasonality and noise components, to esti-
mate the local seasonality component. The local component represents trends
that may differ from year to year, adapting to the specific conditions of the data
under review.

e Derive the noise component, as the difference between the estimated season-
ality component and the ones obtained from the previous step. The difference
represents the residual decomposition error, named the remainder component.

Considering that STL method is applied to historical series characterized by a regular
sampling frequency, but MTInSAR algorithms could provide irregular sampling fre-
quency, a time resampling is required. Hence, to prevent data loss and simplify the
definition of the next parameter, a one-day linear resampling is suggested. Moreover,
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Fig. 23 - STL decomposition.

the number of observations describing the seasonal component is the second param-
eters to define and its value is fixed according to the sampling frequency of the time
series.

Without evident structural damage, landslide or subsidence phenomena, the displace-
ment time series should present seasonal fluctuations under service conditions (e.g.,
thermal and traffic/gravity loads), with an average value that can be assumed equal to
zero (Giordano et al., 2022). However, since landslide and subsidence are common
phenomena, part of the measured displacements can be related to the above geo-haz-
ard components. Hence, the seasonal component is useful for understanding the bridge
behaviour concerning service conditions, while trend components could give infor-
mation regarding geo-hazards or ongoing structural damage.

1.2.1.7. Definition of early warning thresholds

Once displacement time series for bridge regions in both the bridge main direc-
tions are available together with their components, such outcomes can be compared
with appropriate displacement thresholds. Those thresholds are defined to automati-
cally check if the focused bridge conditions present an unexpected behaviour. Those
thresholds are assumed for defining a sort of limit for the displacement components. It
is worth noting that the output of the proposed procedure cannot be mistaken for a
structural analysis of bridges in the investigated portfolio, but it can provide insights
towards the ideal behaviour that bridges should exhibit during their service life. In addi-
tion, considering the impossibility of knowing prior real input loads, the output of the
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proposed methodology reveals the current performance and the displacement trend to
compare with the imposed limit (i.e., threshold).

Looking in detail at the structural behaviour, satellite SAR sensors are not able to pro-
vide information about temperature (e.g., measure bridge surface temperature), as de-
scribed by Goel et al. (2014), and the acquired imagery cannot provide traffic infor-
mation (Hoppe et al., 2019). For this reason, external data sources are needed. As
discussed on Section 1.2.1.7, temperature information regarding the bridge can be re-
trieved from on-site sensors (Cusson et al., 2018), weather stations located near the
investigated facility (Cusson et al., 2018; Cusson et al., 2021), or calculated by math-
ematical models. Assuming this latter option, the model indicated as 7(m) can be de-
scribed as:

T(m)=A; + By - cos(w -(m — ng)) (23)

where A; is the average annual temperature, B is the amplitude, w is the frequency and
it is obtained by assuming a reference period equal to 12 months, ¢r is the phase shift,
and m is a day of the year expressed in months. By, w and ¢y are equal to the average
of their values obtained from one-year fittings for the length of the satellite temporal
baseline. In each fitting, the average daily temperature is used. The average daily tem-
perature is considered a good approximation of the bridge temperature since no sensor
data are available or reliable acquisitions at the local solar time of the satellite pass.
The obtained values from the mathematical model in Equation (23), and Ty, Tuax and
Tum, as defined in Section 1.2.1.1, are used to calculate the displacements threshold
due to temperature. This threshold can be compared with the seasonal longitudinal
displacement component. Indeed, it can be derived from simple considerations related
to the structural typology investigated. As a matter of fact, an analytical model related
to simple supported beams can be employed and, according to the Italian Technical
code (MIT, 2018), the threshold can be defined by means of the coefficient of thermal
expansion for the concrete, named oz, and usually assumed equal to 10E-06 °C™' for
the considered material. Assuming a constant temperature profile along the vertical
section, the maximum thermal displacement, drm, is equal to:
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Arerm = Qcre * AT - Lprog (24)

where L, is the progressive length of the sub-region from the fixed support and AT is
the considered temperature delta. This threshold is computed for both temperature
delta, ATy and ATy. The warning is raised if the longitudinal seasonal displacement
time series of a span sub-region exceeds one of the values obtained from Equation
(23). It is worth noting that traffic loads were not accounted for in the longitudinal sea-
sonal threshold. Generally, traffic loads can induce a displacement in the longitudinal
direction, especially when considering vehicle braking action. On the other hand, this
effect depends on both the number of vehicles involved (e.g., resultant force to com-
pute according to number of vehicles, the intensity of braking, the direction of vehicles)
and the position/mechanical features of mobile supports. The above data are usually
derived from specific sources of information (e.g., average daily traffic for the types of
vehicles and periodic on-site surveys for supports), not always available, especially for
the purpose of bridge portfolio assessment (that is, the main aim of the proposed pro-
cedure). In addition, it is worth reminding that: (a) SAR imagery cannot provide traffic
information (see Hoppe et al., 2019); (b) the traffic flow is uncertain with regard to
satellite acquisitions. Both above points suggest that the two aspects cannot be neither
statistically nor physically related for longitudinal seasonal components. Regarding the
assumption of the simple analytical model described by Equation (24) and shown in
Fig. 24a and Fig. 24b is clear that it completely ignores some structural details, such
as the bearing stiffness. Although longitudinal displacement thresholds defined by the
simple analytical model are greater than a FE model estimate that accounts for the
stiffness of the bearings, some advantages are clear, such as the typical conserva-
tivism in a large-scale analysis and the no need to perform detailed FE models. Another
useful information to describe the bridge health state is the alignment of seasonal lon-
gitudinal displacements component of span sub-regions. Indeed, for simply supported
bridges, the mentioned seasonality is the same for sub-region upon fixed and mobile
supports. It is worth noting that the above assumptions could be subjected to modifi-
cations, when considering deformable structures (e.g., Ponzo et al., 2024), because
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Fig. 24 - Thresholds analytical models: (a) longitudinal seasonal displacement threshold for positive
temperature delta (in red the beam elongation); (b) longitudinal seasonal displacement threshold for
negative temperature delta (in red the beam contraction); (c) vertical trend component threshold for
material degradation, damage, and gravity loads, calculated with a concentrated force (Frasic) in the
middle of the span and in red its deformed shape; (d) vertical trend component threshold for uniform
and differential displacements.

the elevated deformability implies a reduction of the number of detected PSs and a loss
of accuracy of the average displacement time series.

About vertical displacements, as just stated they are related to loads acting in the ver-
tical direction (e.g., self-weight, traffic loads) and are influenced by material degrada-
tion and environmental conditions (e.g., temperature, subsidence). Exploring in detail
each factor, gravity loads increase during the bridge service life and usually the effect
for the considered structural typology is a higher vertical deflection at mid-span. Some
causes could be identified for the increment of gravity loads, such as the replacement
of old road barriers with new concrete jersey ones, or addition of new bitumen layers
to the road pavement. At the same time, the increase in material degradation affects
the vertical deflection of gravity loads, amplifying the vertical component of the time
series. Also, environmental conditions could change the vertical deformation of the
bridge, as occurs for the temperature excursion that produces a seasonal upwards or
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downwards of the vertical deflection at mid-span in summer and winter, respectively.
This effect is due to a non-uniform temperature profile along the vertical deck section
and to the variation of the stiffness characterizing bearings. For the investigated bridge
typology, the variation of the vertical component due to the temperature is limited and
is also influenced by the solar radiation excursion. Itis clear that this kind of information
can be retrieved via a specific sensors-based system able to measure temperature var-
iation over the vertical section of the deck, and this is not always possible. In addition,
other boundary conditions affecting the bridges (e.g., subsidence, hydro-geomorpho-
logical actions) can produce uniform or differential displacements between the sub-
regions of the same span (Cusson et al., 2018; Del Soldato et al., 2016). The obser-
vation of differential displacements can highlight the presence of other phenomena,
such as discontinuities between abutment and embankment, or between the decks of
two adjacent spans. Instead, uniform displacements reveal vertical discontinuity on
structural elements.

Considering the different displacement scenarios and the impossibility to a-priori know
the real input loads, two thresholds can be defined, associated to three bridge-specific
displacement scenarios. First, for each sub-region a linear trend is fitted, according to
the Least Squares Regression method, on the vertical trend component, 7, as retrieved
from Section 1.2.1.6. Then, the slope of the regression line, u, is multiplied for the
acquisition time interval to obtain a vertical cumulative displacement, &;, to be evaluated
for each /" sub-regions of each span.

Once defined &; and 4, as the difference between &,,; and &, the three bridge-specific
displacement scenarios are:

e Increasing mid-span vertical deflection, &migspan, due to material degradation and
gravity loads described by A, = X728, 2 0, Mgy = X1 11y/24i < 0
ang &iloiD _ 28

m“;s”‘“’l The last condition is necessary to differentiate this

Scenarlo W|th the next one, where in this case (Scenario 1) the parabolic de-
formation of the span is more emphasized as observed in Fig. 25a.
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e Subsidence, shown in Fig. 25b, where a uniform vertical displacement profile
is described by A, =0, A, < 0 and (Z"f"') > 2|6’”"§S”“”|. In this case the
last condition is used to describe a quasi-linear deformation of the span.

 Differential displacement Fig. 25¢) where A, and A4, are both higher or lower
than 0.

The output of the three above scenarios (Fig. 25) can be compared with the two thresh-
olds. The first threshold, shown in Fig. 24c, is calculated as follows:

d o FTraffic ' Lst)ot
service 4‘8 . EC . ]deCk

(25)

where E; is the concrete Young Modulus, Jgc is the moment of inertia around deck
transverse axis, Ly is the span length and Fr. equal to 600 kN (established according
to the Italian Technical code, MIT, 2018). The value of Fy.z; is the one used to perform
structure-specific assessment for serviceability limit states. Still, the self-weight was
not considered, because it is intrinsically considered in every satellite image. The sec-
ond threshold, shown in Fig. 24d, is equal to 2 mm/y (as proposed in Nettis et al.,
2022), multiplied by the acquisition time interval. Regarding Equation (25), if infor-
mation about material degradation and structural defectiveness is available, modified
values of E¢ and Jge could be defined and the value of dgice COuld vary. Nevertheless,
two main aspects can be highlighted: (a) the quantification of the material degradation
cannot be identified without results by a sensors-based system, which in turn makes
the proposed procedure useless; (b) lower values E¢ and Jg.« Would increase the value
of dsenice, Making the threshold more conservative than the proposed value (especially
in the case of Scenario 1).

Scenario 1 is compared with the first threshold, whose value considers the occurrence
of both damage and material degradation. This displacement, which occurs under ser-
vice conditions, is considered critical if recognized as inelastic deformation due to age-
ing, material degradation and gravity loads. Hence a warning is raised if &pg span 0D-
served by Scenario 1 exceeds 0senice. SCeNario 2 is achieved when the average value
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a) Scenario 1 b) Scenario 2 c) Scenario 3
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Fig. 25 - Vertical bridge-specific displacement scenarios. Each sub-region, named S1, S2 and, S3 (for
a 3-transverse subdivision) is characterized by its centroid together with a vertical displacement &;.
Differential displacements 4; are used on early warning evaluations.(a) Scenario 1, material degradation,
aging, gravity loads; (b) Scenario 2, uniform vertical displacement (e.g., subsidence); (c) Scenario 3,
differential vertical displacement.

of | &;| for a single span exceeds the second threshold. An average value of | &;| lower
than the threshold highlights that the bridge is not subjected to critical displacements.
Finally, a warning is raised for Scenario 3 when Y;|4;| overcomes the value estimated
for the second threshold.

In conclusion, it is worth specifying how the proposed system can be employed in
practical applications. Considering that the entire framework (see Fig. 20) was devel-
oped in an automated Python module, the tool can be used for each bridge belonging
to a focused road network. In particular, the comparison between the displacement
time series and the proposed threshold can be checked every time a new satellite ac-
quisition is available (by updating the input data), and the occurrence of warnings can
be assessed. It is important to specify that the occurrence of an isolated warning could
not be a real concern, given that some approximations and elaborations were proposed.
On the other hand, if the same warning persists for consecutive runs, the user can
proceed with specific investigations (e.g., on-site survey) and undertake specific ac-
tions according to the detected Scenario. The system could be also implemented in a
bridge management system as an additional module at disposal to road management
companies.
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1.2.2. Application of the proposed early warning system

This section is aimed at providing an illustrative application of the proposed
framework. The proposed early warning system was applied to two prestressed RC
girder bridges, one multi-span (Section 1.2.2.1) and one single-span (Section 1.2.2.2).
About the case studies, it is worth noting that the satellite data have been collected and
elaborated on bridges for which some details (e.g., name, location) cannot be dis-
closed. The bridges should be considered archetype structures, as its constructive and
structural features are representative of simply supported bridges built in Italy in the
period 1950-1990.

1.2.2.1. Multi-span bridge

According to the first step, the structural information is collected. It is made of four
spans supported by single-shaft piers and seat-type abutments. Each span is charac-
terized by four prestressed RC T beams, transversely connected by RC cast-in-place
diaphragms and by an RC slab whose thickness is equal to 0.2 m thick. The bridge
superstructure is connected to the piers and abutments through elastomeric bearings.
The length of the spans ranges from 32 m to 33 m. The bridge longitudinal axis is
inclined by an angle equal to - 33° with respect to the E-W direction. The deck width is
equal to 13.00 m. The bridge presents a 7° slope and it was hypothesized to be located
at a height of about 560 m a.s.l. for its highest point and about 550 m a.s.| for its lowest
point. The distribution of elastomeric bearings was assumed as repetitive along the
bridge: longitudinal mobile bearings at the beginning of each span and fixed mobile
bearings at the end of each span, going from the first (AB1) to the second (AB2) abut-
ment, according to the indication in Fig. 26 Regarding the deck section, geometric and
mechanical features were available. In particular, the value of £, was assumed equal to
31000 MPa, while the Jso Was assumed equal to 4.12 m*. Although these values are
assumed as fixed along the bridges, they could be considered accounting for
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Case study, COSMO-SkyMed PSs data, Criterion: 'POS'
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Fig. 26 - Multi-span bridge footprint, accounting for geo-coding errors, divided in spans. On the top ASC
PSs are displayed, on the bottom DSC PSs ones are reported. In each span, the selected PSs are
reported, and counted in the round brackets, according to the ‘POS’ criterion. AB1 refers to the first
abutment while AB2 refers to the second one. The colours of PSs match the V.5 colormap on the right.

uncertainty (especially for £; when estimated through mechanical tests) and this can
produce a set of seasonal vertical thresholds (e.g., a spindle). Nevertheless, this is not
of interest for purpose of the proposed procedure application.

Regarding satellite data, both ASC and DSC imagery were collected by CSK constella-
tion on StripMap HIMAGE mode, for which detailed features are reported in Table 4.

62



Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

Table 4 - Characteristics of the employed SAR datasets for the multi-span prestressed RC bridge.

. Spatial Pass . Incidence Azimuth
Satellite Mode . Time span
resolution  type angle 6 [°] angle a [°]
StripMap 02 January 2015
CSK HIMAGE 3mx3m ASC 24 December 2020 31.143 169.155
StripMap 01 September 2015
CSK HIMAGE 3mx3m DSC 03 January 2021 30.781 10.894

Image resolution suits well for this application considering the bridge footprint dimen-
sion (Section 1.2.1.1). Fig. 26 reports the numbering of the spans and, for each span,
the distribution of ASC and DSC PSs. Each PS is coloured by matching a common
colormap defined according to V/,,s values. The number of points for each span is also
indicated in the brackets.

Satellite data were processed by the SPINUA algorithm to retrieve PSs and the related
attributes. The selected ones in Fig. 26 are obtained by defining the bridge and the span
footprints according to the ‘POS’ criterion (a 3 m buffer around the real footprint is fixed
to consider geo-positioning errors).

Once the buffered footprint was divided in spans, the PSs were selected. Table 5 sum-
marizes the number of PSs selected according to each criterion described in Section
1.2.1.3, reporting results for the whole bridge footprint. PS height values were corrected
considering the difference between the bridge mean height a.s.| and mean height at-
tribute of each PS falling within the enhanced footprint. Hence, PSs are subjected to a
rigid translation of 7.8 m and 7.5 m for ASC and DSC dataset, respectively, and a = 1
m tolerance is considered for geo-positioning errors. It is worth noting that, using
‘H_GEQ’ criterion, among the points a PS was discarded (L20968P02259, red dot in
the ASC geometry of Fig. 26 and black line in Fig. 27, left), which is characterized by a
very high V,,s value (96.51 mm/y) over the whole period and that completely disagreed
with Vs of the closer PSs (Fig. 27, right). The results of the retained PSs from ‘H_GEOQ’
criterion are illustrated in Fig. 28 and given both the low variability of V/,,s attribute on
‘H_GEQ’ criterion and the lack of PSs from DSC geometry on 3 span with ‘V_LOS’
criterion, the ‘H_GEQ’ criterion was chosen to continue the analysis.
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Table 5 - Number of PS selected for each formulated criterion (multi-span prestressed RC bridge).

Criterion PSs - ASC PSs - DSC
POS 211 69
H _GEO 191 61
V LOS 190 55
COH 211 69
H_GEO + COH 191 61
H GEO + COH + V_LOS 187 55

PSs LoS displacement time series
20

5001 | —— L20968P02259 u=96.51 mm/y o= 0.56 mm l —— L20969P02310 p=-1.76 mm/y ¢=0.17 mm

15 —— L20969P02311 p=-132mm/y 6=0.15mm

400 10 —— L20969P02312 p=-0.57 mm/y ¢=0.14 mm
—300 —_
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Fig. 27- Time series of discarded PS, black line in left chart, compared to the ones of some neighbour
PSs displayed in the right chart. u is the Vs value, slope of the Least Squares Regression line, while o
represents the standard deviation.

Fig. 28 shows the division of the spans in sub-regions for the 1* and 3" spans (S11,
$12, $13 for the 1% span and S31, S$32, S33 for the 3" span), according to the mini-
mum requirements defined in Section 1.2.1.3. The performed subdivision has the goal
to describe the behaviour of lateral and central span regions, where the first ones could
be affected by more sensitive longitudinal displacements (e.g., due to thermal effects)
and the second one could be affected by vertical displacements (e.g., due to traf-
fic/gravity loads). Temporal and spatial consistency was evaluated before computing
longitudinal and vertical displacement time series. Spatial consistency was evaluated
on the PS distribution along each span. As observed in Fig. 28, although 1 and 3"
spans present a good spatial consistency, a different situation can be observed on the

64



Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

Case study, COSMO-SkyMed PSs data, Criterion: 'H_GEO'
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Fig. 28 - Case study bridge footprint, accounting for geo-coding errors, together with transverse sub-
regions of 1% (511, $12 and $13) and 3" (S31, S32 and S33) spans. On the top ASC PSs are displayed,
on the bottom DSC PSs ones are reported. The PSs, counted for each span in the round brackets, are
selected according to the ‘H_GEQ’ criterion. AB1 refers to the first abutment while AB2 refers to the
second one. The colours of PSs match the V.5 colormap on the right.

remaining spans. As a matter of fact, the 2" span does not present PSs in the central
part of the DSC dataset, even without PSs filtering, as in the ‘POS’ criterion shown in
Fig. 26, while the 4™ span is partially covered by the ASC dataset. The lack of PSs from
the DSC dataset could be caused by the presence of vegetation on the bridge left side
coupled with the DSC side view geometry. The absence of points remains an open
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issue, which limits the application of the proposed methodology. In general, improve-
ments for spatial consistency, obtainable through a further longitudinal division, are
recommended as proposed by Miano et al. (2021). This is worth only in the cases in
which larger datasets are available to analyse the differences among structural parts,
especially regarding vertical displacements (as for example shown for the Himera via-
duct in Ferretti et al., 2022). Talking about the temporal consistency, time series asso-
ciated with each PS should be manipulated. First, it is necessary to eliminate the first
ASC acquisition (02 January 2015), because it is extremely far from the second acqui-
sition of the same dataset (01 September 2015). To this scope, the entire ASC time
series must be purified from the data related to its first acquisition. After, the common
temporal baseline was defined according to Section 1.2.1.4.

With the data at disposal, Fig. 29 shows the average LoS displacement time series
evaluated in the centroid of each span. As observed, a negative trend component, de-
fined as the slope of the Least Squares Regression line, characterizes ASC average LoS
displacement time series, with V,,s values ranging from - 0.61 mm/y to - 0.67 mm/y.
Instead, a positive trend describes the average DSC LoS displacement time series, with
V,0s values ranging from 0.11 mm/y to 0.44 mm/y. A marked displacement seasonality
is highlighted by ASC acquisition of 3" and 4" spans (green and yellow lines, respec-
tively), while a less pronounced seasonality is observed for 1* and 2™ spans (blue and
red lines, respectively). A more accurate evaluation can be derived from the decompo-
sition of the LoS displacement vector by applying and inverting Equation (21). Assum-
ing a M-LCRS with L axis coincident with the bridge centreline, using the slopes of the
bridge (y = - 33°, 6§ = 0°, and 8 = 7°), and neglecting transversal displacements, a’,
the values of d; and d, can be obtained:

sin@45¢cosp - sinf4sinf cos(a?S¢ —y) +

[dLOS,ASC] _ |- cos(a?5¢ —y) +cos045C¢cosp [dL] 26)
dpos,psc sin@P5Ccosp - sinBPsinf cos(aP5¢ —y) +|ldy
-cos(aP¥¢ —y) +cos0P5¢cosp

Results from Equation (26), for each span, can be observed in the bottom graphs of
Fig. 29. A reversed sign is assumed for longitudinal displacements to classify positive
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Fig. 29 - Span centroid average time series. On top-left corner the average ASC LoS displacement time
series is shown, on the top-right corner the average DSC LoS displacement time series. On the bottom,
from left to right the average longitudinal displacement time series and the average vertical displacement
time series obtained by applying Equation (26), considering each time step and each span, and starting
from ASC and DSC data plotted in the top graphs.

displacements during summer and negative ones during winter. A positive displace-
ment implies a stretching movement toward W direction, while a negative displacement
implies a stretching movement toward W direction, while a negative displacement cor-
responds to an approaching movement to the E direction. According to the estimates
of V,s values in Fig. 29, the longitudinal and vertical displacement trends are found,
denoting that the vertical one is less accentuated (i.e., near horizontal). Regarding the
longitudinal seasonal component, although it is not possible to quantify an amplitude,
it can be observed that the first two spans (1 and 2™) have a mirrored behaviour
compared to the last two spans (3 and 4"). Hence, during the summer months, the
1%t and 2" spans show positive displacements, while 3 and 4™ spans show negative
displacements. Similar outcomes cannot be provided regarding the vertical direction,
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Case study 1st span, COSMO-SkyMed PSs data, Criterion: ‘H_GEO*
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Fig. 30 - 1% sub-regions average time series. On top-left corner is shown the average ASC LoS
displacement time series, on the top-right corner the average DSC LoS displacement time series. On the

bottom, from left to right the average longitudinal displacement time series and the average vertical
displacement time series.

where an unclear seasonal trend can be observed. Fig. 30 and Fig. 31 shows, in the
bottom graphs, the time series already discussed for the sub-regions of the 1% (S11,
S12 and S13) and 3" (S31, S32 and S33) span, respectively, denoting the same out-
comes. As discussed at the end of Section 1.2.1.4, final insights about average longi-
tudinal displacements-time series in Fig. 29 can be provided. Observing the V,,s values
of ASC and DSC acquisition geometry, a quite similar magnitude can be denoted (i.e.,
-0.64 mm/y for ASC and 0.20 mm/y for DSC on average), but opposite signs were
obtained for longitudinal components. This means that, although longitudinal displace-
ments present a trend similar to the one observed for ASC component, it was obtained
by the combination of ASC and DSC, and then should be not confused.

To process a systematic analysis of the time series, the application of the decomposi-
tion algorithm STL was required. A temporal resampling of the time series was pro-

cessed, to have a regular sampling frequency. Considering an average frequency of 34
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Case study 3rd span, COSMO-SkyMed PSs data, Criterion: '"H_GEO"
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Fig. 31 - 3" span sub-regions average time series. On top-left corner is shown the average ASC LoS
displacement time series, on the top-right corner the average DSC LoS displacement time series. On the
bottom, from left to right the average longitudinal displacement time series and the average vertical
displacement time series.

days for the case at hand, corresponding to twice the satellite revisit time for CSK con-
stellation, the series were resampled with a daily frequency, to prevent acquisition
losses. In addition, an annual seasonality was considered. The obtained trends (sea-
sonal and remainder components) are shown in Fig. 32 for S11, S12, S13 and in Fig.
33 for S31, S32, and S33. Some considerations can be provided by observing the
results of obtained displacement components from the STL analysis. As previously
stated, from the longitudinal seasonal components, the displacements of the 1% span
sub-regions (S11, S12, S13 in the bottom left chart of Fig. 30) are out of phase com-
pared to the ones provided in the 3™ span sub-regions (S31, S32, S33 in the
bottom left chart of Fig. 30) are out of phase compared to the ones provided in the 3"
span sub-regions (S31, S32, S33 in the bottom left chart of Fig. 31). Furthermore, as
expected for this constructive typology, the displacements of sub-regions close to the
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Case study 1% span, COSMO-SkyMed PSs data, Criterion: 'H_GEO'
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Fig. 32 - 1% span sub-regions STL decomposition of average displacement time-series. The charts on
the left refer to the longitudinal displacement components while the ones on the right refer to the vertical
displacement component. From top to bottom, the first row depicts the seasonal component, the one
below shows the trend component and the last one the remainder component.

sub-regions (S11, S12, S13 in the bottom left chart of Fig. 30) are out of phase com-
pared to the ones provided in the 3" span sub-regions (S31, $32, S33 in the bottom
left chart of Fig. 30) are out of phase compared to the ones provided in the 3" span
sub-regions (S31, S32, S33 in the bottom left chart of Fig. 31). Furthermore, as ex-
pected for this constructive typology, the displacements of sub-regions close to the
fixed support (513 and S31, blue lines), are smaller than those of central (S12 and
S32, red lines) and last (S11 and S33, green lines) sub-regions (see top left graphs in
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Case study 3" span, COSMO-SkyMed PSs data, Criterion: '"H_GEO'
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Fig. 33 - 3 span sub-regions STL decomposition of average displacement time-series. The charts on
the left refer to the longitudinal displacement components while the ones on the right refer to the vertical
displacement component. From top to bottom, the first row depicts the seasonal component, the one
below shows the trend component and the last one the remainder component.

Fig. 32 and Fig. 33). From this observation, some insights can be derived on how bear-
ings are working under service conditions, despite the original design drawings could
suggest a different positioning criterion. As a matter of fact, observing the obtained
results, it seems that bearings are positioned symmetrically to the central pier and not
according to the scheme above declared. The magnitude of the movements is also
increasing in both summer and winter months, which cannot imply a wrong functioning
of the bearings, but a different behaviour to the expected one (a malfunction of bearings
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could lock the longitudinal displacements, benefiting the development of greater dis-
placements in the vertical direction).

In addition, looking at the longitudinal displacements, a negative trend can be observed
for 1 and 3" span, which could imply a movement from AB1 to AB2 (see Fig. 28).
Nevertheless, this aspect was faced only by considering the vertical displacements
because, for the sake of generalization, the effect of the movement can be always de-
tected by the vertical component and not always derived by the horizontal component
(i.e., when the horizontal component is in the azimuth direction). Regarding the vertical
seasonal component (top right graphs in Fig. 32 and Fig. 33), it shows a lower regu-
larity than the longitudinal component, considering that the expected behaviour of larger
vertical displacements in the central sub-regions (S12 and S32, red lines) than the
|lateral ones (S11, S13 and S31, S33) is not always well described by satellite data.
Regarding trend values, the longitudinal components are almost linear (presenting a
high coefficient of determination, R?, values) and highlight an ongoing deformation
along L axis (see middle left graphs of Fig. 32 and Fig. 33). For the case at hand, the
average value, y, is equal to -1.2 mm/y and -0.8 mm/y for 1% and 3" span sub-regions,
respectively, as summarized in Table 6 where d, is the intercept of the Least Square
Regression. Looking the obtained values, average velocities are not alarming for the
bridge, also according to the available literature (e.g., Nettis et al., 2023a classified as
low deformation scenarios velocities lower than 2 mm/y). Concerning vertical trends
(see middle right graphs in Fig. 32 and Fig. 33), although nonlinearities can be observed
(low values of R?), they describe a slightly downward movement characterized by an
average value, y, equal to -0,28 mm/y for both 1% and 3" span sub-regions.

Finally, the above qualitative considerations about the time series and the velocity val-
ues can be quantified and compared with limits. Therefore, as a last step, longitudinal
and vertical thresholds were defined according to Section 1.2.1.7. Temperature data
were derived from the closest weather station (10 km away). The reference tempera-
ture, T, Of the master image, was fixed to 29 °C, from the weather station data, while
ATy and ATy, were calculated from Ty, and Ty, defined through the temperature
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Table 6 - Slope p, intercept dy, and R? of Least Squares Regression method applied to longitudinal and
vertical trend component of subregions retrieved from the application of STL algorithm. &; describes the
vertical differential displacement for each i subregion.”

Longitudinal Vertical

Sub- q q 5

region  p [mm/y] [m:1] Re p [mm/y] [m:1] 2 [mnIn]
S11 -1.23 -1.47 0.95 -0.28 -1.25 0.75 -1.5
512 -1.34 -0.66 0.98 -0.18 -1.42 0.34 -0.96
S13 -1.01 -0.60 0.92 -0.38 -0.44 0.77 -2
S31 -1.36 1.77 0.97 -0.61 0.88 0.86 -3.32
532 -0.83 1.93 0.80 -0.25 0.65 0.40 -1.32
S33 -1.25 2.24 0.98 0.03 -0.78 0.01 0.16

cosine model, Equation (23), fitted on the few data provided by the same station. The
fitting parameters, from a nonlinear least squares method, were B = 11 °C, ¢y = -4.6
assuming A; = 23.1 °C. Hence, ATy is found equal to 4.3 °C and AT,y to -7.5 mm
(dark blue lines on top graphs in Fig. 34 and Fig. 35) for both S11 and S33, respectively.
Later, the two vertical thresholds were calculated and compared with the observed
Scenario. The first threshold, dsenice, Was equal to 3.5 mm for both 1% and 3" span,
Equation (25), while the second threshold was quantified as equal to 10.6 mm. The
scenarios value to be compared with thresholds, as described in Section 1.2.1.7 and
reported in Table 7, were defined through the vertical cumulative displacement &; re-
ported in Table 6. As a result, the 1* span falls under Scenario 1 (material degradation,
Fig. 36) while the 3" span falls under Scenario 3 (differential displacement). From the
comparison of descriptive characteristics with the threshold values, no span was sub-
ject to warnings.

In summary, considering a five-year observation period, the proposed framework al-
lowed for retrieving, discussing, and comparing seasonal and trend displacement com-
ponents for the focused bridge. As a first result, the longitudinal seasonal component
highlighted a different behaviour between the hypothesized and the real bridge behav-
iours, regarding the supports operation. Considering a constant temperature range
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Case study 1% span, COSMO-SkyMed PSs data, Criterion: '"H_GEO'
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Fig. 34 - 1* span sub-regions seasonal displacement time-series and thresholds. The chart shows the
average longitudinal displacements time series of S11 (blue ling), S12 (red line) and S13 (green line)
sub-regions and two dark blue lines representing the calculated temperature thresholds (1.4 and -7.5
mm).

Case study 3™ span, COSMO-SkyMed PSs data, Criterion: '"H_GEO'
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Temperature thresholds

8 Average LONGITUDINAL

Z
j
)

-8
Sep 2015 Sep 2016 Sep 2017 Sep 2018 Sep 2019 Sep 2020

Fig. 35 - 3" span sub-regions seasonal displacement time-series and thresholds. The chart shows the
average longitudinal displacements time series of S31 (blue line), S32 (red line) and S33 (green line)
sub-regions and two dark blue lines representing the calculated temperature thresholds (1.4 and -7.5
mm).

Table 7 - Scenario evaluation and thresholds.

Asx Adx 6mid span Average 2 I 5mid span |/3 . Thr88h0|d
Span Scenario
[mm] [mm] [mm] |ai] [mm] [mm] [mm]
18t 0.54 -1.04 -0.96 0.25 0.64 1 -3.5
3 1.91 1.48 -1.32 1.7 0.88 3 10.6
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i Scenario 1 threshold
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Fig. 36 - 1 span bridge-specific displacement scenario 1. On background, the assumed configuration
of the 1% span on 01 September 2015. Cross signs refer to sub-regions (S11, S12 and $13) external
points, while circle signs refer to sub-regions’ centroid. Magenta line connects the vertical cumulative
displacement of centroids of the sub-regions, &;, estimated according to the proposed framework
(Section 1.2.1.7). Blue dashed line interpolates the vertical cumulative displacement of centroids of the
sub-regions, &;. Red line shows the deformed shape of 1t span as simply supported beam under Fraic
equal to 600 kN. All the values are expressed in millimeters; therefore, all vertical deformed shapes are
in 1000:1 scale with respect to 1% span length Although the MTInSAR deformed shape exceeds the
Scenario 1 threshold in a point, the warning is not triggered, because the reference point to check is the
mid-span one.

along transverse deck section, thresholds were evaluated and compared to seasonal
displacements, showing that the imposed limit was always exceeded by the 3 span.
Regarding vertical displacements two different deformation scenarios were identified,
material degradation and subsidence, but no warnings were noticed. Longitudinal
trends presented small velocity values but, in the absence of further analysis, material
degradation and aging cannot be excluded as possible causes of displacement incre-
ment. In the end, considering the tolerances and the limited precision of the displace-
ment time series for the reasons more times above stated, the specific exceedance of
the thresholds is not worrying, but it is worth paying attention in the cases of constant
exceedance and of relative velocity increasing.
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1.2.2.2. Single-span bridge

As second case study, a single-span bridge characterized by eighteen pre-
stressed RC double-T beams located in Fiumicino, Rome (ltaly) is analysed (Fig. 37).
This area is subject to subsidence which has been documented by several studies
(Nettis et al., 2023a; Orellana et al., 2020). Table 8 shows the main features of CSK
datasets, while Table 9 summarizes the main characteristics of the bridge.

Fig. 37 - Single span simply supported concrete girder bridge, Fiumicino, Rome (ltaly).

Table 8 - Characteristics of the employed SAR datasets for the single-span prestressed RC bridge.

Spatial Incidence  Azimuth
telite M Pass t Ti
Satellite ode Resolution ass lype Ime span angle 6 [°] angle a [°]
StripMap
CSK e SMX3m  ASC  Jn2015-Aug2021 33282 169.873
ook SUPMab 4 i 3m DSC June2015-Juy 2022 29550  11.026
HIMAGE y ' '
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Table 9 - Characteristics of the single-span bridge.

S S
Num. Ie:;tnh w:)dat: Height Bearingsty- Jy E [MPa] M-LCRS M-LCRS M-LCRS
spans [m] pology  [m‘] v[] B[] 8]
[m] [m]
1 22 24 4 Elastomeric  3.43 31000 ~4 ~0 ~0

Each span is characterized by four prestressed RC T-beams, transversely connected
by RC cast-in-place diaphragms and by an RC slab whose thickness is equal to 0.2 m
thick. The bridge superstructure is connected to the piers and abutments through elas-
tomeric bearings.

For the footprint definition, a 3 m buffer around the real footprint was fixed to consider
for geo-positioning errors. For the same reason, a = 1 m tolerance was considered for
heights as well. According to these assumptions, a sub-region scale analysis was per-
formed considering the ‘H_GEQ’ criterion. To characterize the behaviour of the zones
near to the bearings (1% and 3") and of the middle part (2"), three transverse sub-
regions were considered, as reported in Fig. 38. For each of them, an average LoS
displacement time series was defined (Fig. 39 upper charts), for a period spanning
going from October 2015 to November 2020, and the decomposition was performed
according to the criteria defined in Sections 1.2.1.5 (Fig. 39 bottom charts) and 1.2.1.6
(Fig. 40). The results are shown in Fig. 39 for the sub-region analysis. Starting from
average LoS displacement time series (Fig. 39 upper charts), negative values were
observed from both ASC and DSC geometries, which means that the scene is moving
away from the satellite. The missing information concerns the extent of the displace-
ments along the assumed directions, that is, the longitudinal and vertical axes of the
viaduct, which are orthogonal to each other. Therefore, a null displacement component
was supposed along transversal direction. Considering Equation (21), the assump-
tions, and the angle values reported in Table 9, the system of equations to characterize
@, and dy are reported:

QASC .

dLoS,ASC] _ [sin cos(at5¢ —y) cosHASC] [dL] 27)

dLos,psc sinfP5¢ - cos(aPs¢ —y) cosOPS¢| ldy
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Fig. 38 - Single-span bridge footprint, accounting for geo-coding errors, and selected PSs through
‘H_GEQ’ criterion. On the left ASC PSs are displayed, on the right DSC PSs ones are reported.
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Fig. 39 - Single-span centroid average time series. On top-left corner the average ASC LoS displacement
time series is shown, on the top-right corner the average DSC LoS displacement time series. On the
bottom, from left to right the average longitudinal displacement time series and the average vertical
displacement time series obtained by applying Equation (27), considering each time step and each span,
and starting from ASC and DSC data plotted in the top graphs.

The longitudinal and vertical displacement time series were defined, and they are char-
acterized by a trend and a seasonal component, as shown in bottom charts of Fig. 39.
To evaluate the obtained results, the STL technique was applied and average displace-
ment time series were daily resampled to prevent acquisitions loss, considering their
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heterogeneous sampling frequency. The three components for both longitudinal and
vertical sub-regions displacements are reported in Fig. 40.

Some considerations can be provided by observing the resulting components of the
STL analysis. From the longitudinal seasonal component (top left graph in Fig. 40) was
observed the displacements of the sub-regions near to the supports, which present
reverse phases (1°and 3" zones in Fig. 40). Their relative displacement values oscil-
lating within = 1.5 mm. This behaviour is related to a static scheme that provides for
longitudinally mobile bearings on both abutments. This behaviour is related to a static
scheme that provides for longitudinally mobile bearings on both abutments.
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Fig. 40 - Single-span sub-regions STL decomposition of average displacement time-series. The charts
on the left refer to the longitudinal displacement components while the ones on the right refer to the
vertical displacement component. From top to bottom, the first row depicts the seasonal component, the
one below shows the trend component and the last one the remainder component.
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Maximum vertical seasonal displacement of the 2™ sub-region (top right graph in Fig.
40) increased to double over 3 years, between 2017 and 2020. The cause of this may
be related to a malfunctioning of the bearings.

Regarding the trend components (middle graphs in Fig. 40), a clear value was observed
(middle right graph Fig. 40), with vertical displacements presenting value of 15.5 mm/y.
The cumulative displacement amounted to 78 mm for the reported vertical linear trend
as reported in Table 10. Regarding to the longitudinal trend (middle left graph Fig. 40),
the sub-regions near to the bearings were initially moving away from each other with
velocity values equal to -0.27 mm/y and 0.42 mm/y for 1%t and 3" sub-regions, respec-
tively. Then, they started moving together towards West direction from mid-2018, with
a value of -0.21 mm/y for the 3" sub-region.

Finally, the above qualitative considerations about the time series and the velocity val-
ues can be quantified and compared with limits. Therefore, as a last step, longitudinal
and vertical thresholds were defined according to Section 1.2.1.7 and to bridge struc-
tural characteristics displayed in Table 9. The temperature data were extracted from the
meteorological station closest to the structure. The reference temperature, T, of the
master image was fixed to 16.0 °C, while a minimum value, 7, and a maximum value,
T, Were set equal to 0°C and 36 °C, respectively. Constant temperature differences,
AT., were considered for summer and winter, assuming a value of 20.0 °C and -16.0
°C, respectively. According to the proposed framework, the threshold values for the
longitudinal seasonal component, dr., (dark blue lines in Fig. 41), were estimated as
1.7 mm and -1.5 mm from Equation (23). The scenarios value to be compared with
thresholds, as described in Section 1.2.1.7 and reported in Table 11, were defined
through the vertical cumulative displacement &; reported in Table 10. Hence, by com-
puting the displacements As, and Ay, as summarized in Table 10, it is possible to ob-
serve that one is positive, and one is negative. This means that the possible Scenarios
are 1 or 2. Of course, the Scenario 2 is the right one because the average of absolute
value of &; is greater than 2| 8miq span|/3. In the end, the framework has successfully
identified Scenario 2, which was expected from the hydro-geomorphological context of
the area. In addition, the average value of | 6i| equal to 78.19 mm exceeds the 10 mm
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Fig. 41 - 1% span sub-regions seasonal displacement time-series and thresholds. The chart shows the
average longitudinal displacements time series of 1%t (red line), 2" (green line) and 3" (yellow ling) sub-
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threshold (2 mm/y times 5 years). In the end, no structural damages related to the

subsidence should be observed given that the surrounding area around the bridge is
moving together with the bridge itself.

—— 1 SUB-REGION
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regions and two dark blue lines representing the calculated temperature thresholds (1.7 and -1.5 mm).

Table 10 - Slope p, intercept dy, and R? of sub-regions vertical trend component and vertical differential
displacement for each sub-region é;.

Sub-reqi Vertical
OO T el dofmm] R (mmiy]
18t -15.65 0.43 0.98 -78.23
2nd -16.24 0.35 0.99 -81.20
3 -15.63 0.58 0.98 -78.15
Table 11 - Scenario evaluation and thresholds for the single-span bridge.
A Doy Smid span Average 2| &midspan|/3 . Threshold
Span Scenario
[mm] [mm] [mm] || [mm] [mm] [mm]
1t 2.97 -3.05 -81.2 78.19 54.13 2 10
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1.2.3. BAS-MTInSAR: definition of a new GIS plugin

The framework described in Section 1.2.1 and applied to two real case studies
showed its potential in the field of structural risk monitoring of existing bridges. How-
ever, several hurdles can be faced in the management and interpretation of data. In fact,
a right evaluation of the output depends on the data collection and aggregation (con-
sidering different data sources), which require articulated computational steps, often
difficult to replicate manually for each bridge within a considered portfolio. Moreover,
as declared in the introduction of this research work, the application of MTInSAR data
for structural assessment is limited by the interdisciplinary nature of technical
knowledge required, reducing the number of potential users, especially in the field of
professional practice. A viable option to manage and elaborate georeferenced data as
MTInSAR products is represented by Geographic Information Systems (GIS).

GIS is a powerful tool in several research fields and applications for spatial
analysis and informed decision-making, through aggregation, management, and visu-
alization of georeferenced data. When referring to displacement monitoring through
MTInSAR data, scientific literature proposes different examples showing the combina-
tion and analysis of multi-sources data in GIS environment (Bordoni et al., 2017; DePre-
kel, Bouali and Oommen, 2018; Macchiarulo et al., 2022; Meisina et al., 2008). One of
the most popular applications in which MTInSAR data is employed is the ground-mo-
tion detection of large areas. Bordoni ef al. (2017) and Meisina et al. (2008) focused
on this topic by post-processing InSAR data through a working chain based on different
open-source software. In their works, PS displacement time series accuracy was eval-
uated to improve the reliability of result and the identification of areas characterized by
anomalous displacements was achieved by aggregating PS displacement time series
with terrain data (i.e. geological, geotechnical, hydrogeological, and land use infor-
mation) and DEMs through GIS tools. Talking about infrastructure systems, DePrekel,
Bouali and Oommen (2018) and Macchiarulo et al. (2022) studied deformation of a
wide area through MTInSAR data. Using GIS tools, zones of maximum ground-dis-
placement were identified from SAR data and the use of descriptive database of road
networks was useful for identifying assets towards local analysis were performed to
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describe their deformation mechanism (e.g., long-term downward displacements, cor-
related with the regional subsidence). The application on real case studies demon-
strated that the procedures were suitable for the screening of large transportation net-
works and for the identification of infrastructures requiring further investigations. Other
examples on MTInSAR and GIS data integration for infrastructure displacement moni-
toring can be found in Ciampoli et al. (2019) and Vaccari et al. (2018).

Although not exhaustive, this brief literature review highlighted the main advantages and
shortcomings about the integration of satellite data with GIS software, with the possi-
bility to perform different operations. As main advantage, GIS software allows users to
display PS displacement time-series through opensource plugins avoiding the use of
external data visualization tools. Furthermore, GIS tools facilitate the geoprocessing of
LoS displacements (e.g., projections along desired directions, calculation of displace-
ment velocities) and the integration of free road maps inventories, such as Open-
StreetMap (OSM, 2024), allows the user for the proper selection of PS in an easier and
automatic way. Close to the above advantages, some issues should be highlighted.
Most of the above operations require time and manual actions by users, as well as
basic knowledge of programming languages. To facilitate the automation and the as-
sessment of bridge displacements at portfolio scale through MTInSAR data (according
to the proposed framework in Section 1.2.1), a new and comprehensive GIS plugin is
necessary, able also to automatically check the occurred displacement towards spe-
cific thresholds for the purpose of early warning. With this goal in mind, BAS-MTInSAR
is developed and herein proposed with a full description of its GUI, functionalities, and
working principles.

BAS-MTInSAR (Calo et al., 2024b; Calo at al., 2024c) was developed for QGIS appli-
cation and was idealized at this stage for accounting simply supported concrete girder
bridges, which, as already discussed, is the most spread bridge typology in ltaly and
Europe. The framework at the base of BAS-MTInSAR is shown in Fig. 42, while Section
1.2.3.1 reports a summary of the analytical steps of the automated analysis already
proposed in Section 1.2.1 and Section 1.2.3.2 presents the GUI.
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1.2.3.1. Analytical steps

BAS-MTInSAR is designed to automate and guide practitioners towards the ap-
plication of laborious analytical steps for structural interpretation of bridge displace-
ments. The modules implemented in the plugin GUI take advantage of the most prom-
ising techniques reported in scientific literature on the topic (Calo et al., 2024a) and
extend their content providing an additional displacement scenario and the structural
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Fig. 42 - Framework of BAS-MTInSAR.

interpretation of bridge displacement time series. The following steps are required to
achieve the structural assessment through MTInSAR data.

STEP 1: Data collection and PS selection.
Step 1 regards the collection of input data about the geometrical (e.g., bridge centerline,
number of spans, deck and beam section, bearing distribution), mechanical (e.g., .
and acre of concrete) and location (e.g., latitude, longitude, altitude) characteristics of
the bridge. Temperature data (e.g., average temperatures recorded at weather stations
near the bridge), and satellite data of the COSMO Sky-Med type (i.e., at the best spatial
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Fig. 43 - Example of simply supported deck divided in three equally distributed sub-regions: 1 sub-
region (blue) near the pinned support, 2" sub-region (cyan) at mid-span, 3" sub-region (purple) near
the roller support. The bearing typology shown in the example is the unbonded elastomeric, where the
greater the bearing height, the lower the translation stiffness (i.e., higher displacements).

resolution, 3 x 3 m) from ASC and DSC acquisition geometry are needed as well. The
|latter, as explained in Section 1.1, can be used in the proposed analysis only if pro-
cessed by means of MTInSAR algorithms. Location and some geometrical character-
istics of the bridge (bridge centreline, deck width, and altitude) are used to define the
georeferenced footprint of the structure (Section 1.2.1.3). The other geometrical char-
acteristics like beam and deck sections and the bearing distribution are exploited in
combination with mechanical features of the bridge to describe the expected behaviour
of the deck under service conditions (see Step 4).

Once the bridge is identified, each span is subdivided into three sub-regions (i.e., the
two at the side in correspondence of the bearings, 1% and 3" sub-regions, and one in
the middle at mid-span, 2" sub-region, Fig. 43) considering their different structural
behaviour under service conditions, as shown in Step 4.

After the elaboration of satellite data via MTInSAR algorithm, the obtained PS are care-
fully selected to provide bridge-related information. For this purpose, hierarchical se-
lection criteria are proposed (Section 1.2.1.3) based on: (i) localization of PS and mu-
tual position with the footprint (in plan and height), considering inaccuracies due to
SAR acquisition geometry and MTInSAR algorithms elaborations; (i) coherence of the
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Fig. 44 - Example of simply supported deck together with M-LCRS reference system, in black, for each
sub-region. In this case, each sub-region of the bridge is rotated by y angle with respect to the East
direction, reported by the red reference system (i.e., East-North-Zenith).

PS; (iii) V,0s. At the end of this step of the analysis, the centroid of each sub-region is
described by two average displacement time series along the LoS derived from the
retained PS, one for each acquisition geometry (i.e., ASC and DSC). In addition, time
sampling processing of the time series is required to align the data obtained from the
ASC and DSC datasets for subsequent combination in Step 2.

STEP 2: Displacement time series along bridge main axes.
Disposing of the two timeseries for each centroid of sub-regions, their combination and
projection is preformed according to Equation (21) in a new reference system, named
M-LCRS, Fig. 44.

STEP 3: Definition of seasonality and trend for each displacement compo-
nent.
At this point, @, and dy time series obtained from Equation (21), under the assumptions
explained in Section 1.2.1.5, can be processed via mathematical models to derive their
trend and seasonality. Step 3 is required because, although useful information can be
gained by the time series, the strong trend component (e.g., in the case of subsidence
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Fig. 45 - Example of (a) STL and (b) LSRM decompositions of a generic time series from Step 2.

for vertical component) could hide the seasonality. As reported in 1.2.1.6, the use of a
literature model called STL is suggested, Fig. 45(a). Still, in the case of bridges char-
acterized by many spans, the computational time needed for the decomposition could
require faster algorithms, especially in the case of large portfolios screening. Hence,
another approach is proposed in which the generic time series is considered as the
combination of only trend and seasonality. Specifically, the trend displacement-time
series is computed as a sequence of values obtained by multiplying w, in Fig. 45(b), by
the progressive acquisition time. The seasonality is calculated by subtracting the trend
component from the original time series. Although less accurate than STL, which uses
a moving average algorithm to characterize trend and seasonal components and their
variation over time, this option speeds up the evaluation process. The retrieved com-
ponents are used in the next Step to compare bridge displacements under service con-
ditions and recognize proper displacement scenarios.
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STEP 4: Displacement scenarios and structural interpretation.
The information regarding trend and seasonality from Step 3 can be compared with
proper thresholds based on the expected behaviour of the bridge under service condi-
tions. Generally, this bridge typology can exhibit longitudinal and vertical seasonal dis-
placements. Seasonal longitudinal displacements are related to a constant temperature
gradient, AT, defined on the daily average temperature during the SAR observation
time. The threshold, calculated on the base of the analytical models in Fig. 46(a), con-
sider two extreme configurations of the span: (i) maximum elongation from pinned to
roller support under a positive AT¢; (ii) maximum shortening from roller to pinned sup-
port under a negative AT;. Vertical seasonal displacements are one of the novelties
proposed with BAS-MTInSAR and are linked to a linear temperature gradient, AT,
across the deck section. The use of AT, does not account for the temperature difference
between the upper and lower sides of the deck. Indeed, these two regions can be char-
acterized by different temperatures due to the solar radiation (road pavement hotter
than the lower side of the deck) and to the presence of snow/thin layer of ice (road
pavement colder than the lower side of the deck) in summer and winter, respectively.

(a)
— o £l dore
EVANFENE ’ JAN
AT, >0 AT, <0 AT,

(b) AT, <
D i '"'("?i'c'{él'tiéi?'“ ................ b
T Py R R

AT >0

Fig. 46 - Example of displacement scenario and simple analytical model employed (coloured dots
represent sub-region centroids): (a) Free longitudinal displacements under constant temperature delta,
ATc. Dashed shapes show the deformed configuration of the deck under positive and negative AT¢; (b)
Vertical displacements under linear temperature delta, A7,. Dashed shaped show the deformed
configuration of the deck under positive and negative AT,.
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Thus, the additional displacements under AT, are considered only in the vertical direc-
tion under a different static scheme reported in Fig. 46(b). In this case, the deformed
shape of the bridge is not characterized by progressive elongation/shortening from
pinned to roller support as under AT,. The linear temperature gradient A7, induce an
upward deflection during summer and a downward deflection during winter. The
threshold for the vertical seasonal displacement scenario is computed as:

_ acredTy,

v 2h

where h and L, are the height and length of the deck defined in Step 1.
Still, other displacements components could characterize the bridge, both longitudinal
and vertical, which cannot be considered as service conditions. Regarding vertical
trend components, the difference of cumulative displacements of sub-regions is used
to discern among three different deformation scenarios (described in Section 1.2.1.7):
(1) increasing gravity loads/material degradation; (2) subsidence; (3) differential dis-
placements.
Longitudinal trend component scenario is a novelty proposed with BAS-MTInSAR. In
this case, the deformation scenario is related to landslides and the range of velocities
for vertical trend scenario (2) and (3) are extended to the longitudinal trend scenario.
The threshold is compared to the absolute value of the average velocities of sub-re-
gions.
To provide a structural interpretation of the displacement time series and insights to
practitioners and bridge inspectors, the characteristics of bridges collected during Step
1 are considered. In detail, possible bearing malfunctions or wrong information from
design documents are recognized starting from longitudinal seasonal component of 1*
and 3" sub-regions and bearing distribution provided to the tool (see Section 1.2.3.2).
Given the bridge typology under investigation, bearings are usually roller on one side of
the span and pinned on the other one to ensure the longitudinal thermal dilation of the
deck. Hence, longitudinal displacement due to AT; are incremental and phase aligned
from pinned toward roller bearings for each sub-region. In the case of longitudinal sea-
sonal components of 15and 3" sub-regions in reverse phase, bearing can be assumed

Liot (28)
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as both rollers. BAS-MTInSAR, checking the bearing distribution with the longitudinal
seasonal displacement time series, provides two different attention messages: (i) bear-
ing malfunctions, in the case of reverse phase; (i) bearing malfunctions/incorrect de-
sign documentation, in case displacements are incremental from roller toward pinned
supports. In both cases, a visual survey is suggested. Other attention messages sug-
gesting visual surveys are prompted for longitudinal and vertical trend components. For
the longitudinal one, considering the use of thermal joints, e.g., between spans and
abutments on the side of roller bearings, the occurrence of increasing longitudinal dis-
placements higher than 2 mm/y could provide damage. For the vertical component, the
potential structural damages identified are different depending on the abovementioned
differences between cumulative displacements of sub-regions and thus identified dis-
placement scenario: (1) cracks and/or corrosion are expected on girder beams; (2)
possible damage on transition zones when the bridge deck and the abutments are mov-
ing away from each other in the vertical direction; (3) possible pavements discontinui-
ties due to the vertical relative movement between two adjacent spans or between side
span and abutment.

It is worth reminding that the output of the proposed procedure (Section 1.2.1) cannot
be confused with a structural analysis of bridges in the investigated portfolio, but it aims
to provide insights towards the ideal behaviour that this bridge typology should exhibit
during their service life. Furthermore, the obtained results could be integrated with other
tools (e.g., Nettis et al., 2024) for the purpose of bridge portfolio assessment.

1.2.3.2. GUI description

As evidenced in the analytical description of Section 1.2.3.1, BAS-MTInSAR is
designed to integrate multi-sources data. This is possible thanks to Python modules
running on 3.9 version (e.g., Pandas, NumPy, Matplotlib, Shapely, Scikit-learn) and
QGIS tools recalled through Python API (i.e., PyQGIS) implementing all the steps de-
scribed in the previous Section 1.2.3.1. Another strength point of BAS-MTINSAR is its
subdivision into separated modules. Each module can be used on its own and ex-
tended/integrated with other modules to customize the assessment based on the spe-

cific needs. The use of BAS-MTInSAR is proposed with a GUI designed with QT
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Designer 5.15.2 and including QGIS widgets coded through Qt Designer Python API
(i.e., PyQt5). The main functionalities and the most recurrent elements characterizing
the GUI are following listed:

QDialog, top-level window used to store other elements of the GUI.
QTabWidget, stack of tabbed widgets.

QFrame, frame to store and organize elements of the GUI.
QGroupBox, group box frame with a title.

QComboBox, combines a button with a dropdown list (mainly layer of
the QGIS project in this application).

QgsFileWidget, provides a dialog that allows users to select files or di-
rectories (mainly .CSV files in this application).

QTableWidget, table to store and visualize numerical and categorical
data.

QSpinBox, spin box widget.

QCheckBox, checkbox with a text label.

QPushButton, command button to perform actions when pressed.
QLineEdit, one-line text editor for textual input.

QTextEdit, used to edit and display both plain and rich text.
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. QLabel, text or image display.

. QStackedWidget, a stack of widgets where only one widget is visible at
a time.
. QWidget, base class of all user interface objects.

. QListWidget, list of elements.

The main objects of the GUI, i.e., the most used and recurrent in the tool, are illustrated
in Fig. 47, which reports the indication about the look of the tool, without data. BAS-
MTInSAR plugin is structured in different QDialog windows to optimize its layout and
the distribution of functionalities and information. The main QDialog window is named
“Bridge Analysis”, Fig. 47, containing a QTabWidget of 6 tabs.

The first tab is named “Data collection” (Fig. 47) and is used by practitioners to define
all input information required for the step analysis described in Section 1.2.3.1. Starting
from bridge data, organized in three separated QFrame, the minimum requirements to
characterize the structure are: (a) geo-localization; (b) beam and deck transverse
cross-sections; (c) position and distribution of pinned and roller bearing devices; (d)
E.. All mentioned data are usually available to transportation management companies
and stored in various forms depending on their bridge management system. BAS-MTIn-
SAR exploits two ways to import data: (i) shapefiles through QComboBox; (ii) .CSV
files through QgsFileWidget. Depending on the completeness of imported data, QTable-
Widget automatically shows a summary of data, allowing the manual input of missing
ones. Other automatic operations performed by BAS-MTInSAR, in this first phase, con-
sists of generating the footprint of the bridge and the subdivision of each span into three
sub-regions (Fig. 43). This process, based on QGIS tools, leads to generate a new
polygon shapefile to store the sub-regions characterized with proper attributes (i.e., the
ones in the QTableWidget and Fig. 48). Indeed, each sub-region is characterized, for
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Fig. 47 - QDialog window named “Bridge Analysis” with boxed the most recurrent GUI elements
employed in BAS-MTInSAR.

example, by height, bearings distribution, beam sections and by Ju. The latter, calcu-
lated from the geometry of beams (“Beam section design” QFrame, only T or double T
type) and deck (“Deck section design” QFrame), is required in Step 4 of Section 1.2.3.1
for the threshold definition. Fig. 48 shows the geometrical quantities used for the defi-
nition of Jyq. At this stage, such beam typologies are the only available for design,
which anyway cover a wide range of cases. Further developments of the tool will be
aimed at implementing other beam cross-section type definition (e.g. U-shaped, box).
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Fig. 48 - Deck and beam information defined in the QTableWidgtes of “Deck section design” and “Beam
section design” QFrames for a single span. Green reference system on the right shows the convention
sign for bridge displacements of Step 2 and 3 in the case in which the bridge centreline is drawn from
the left to the right, which is from the beginning of 1! sub-region to the end of 3" sub-region in figure.

Regarding the other two sources of data, MTInSAR and temperature, similar options
are given for their import (i.e., shapefiles for MTInSAR data, one for each acquisition
geometry, and .CSV for temperature data). BAS-MTInSAR extracts information about
PS required for Step 1 and 2 of Section 1.2.3.1. Lastly, to ease the data collection
process, BAS-MTInSAR provides practitioners the possibility to automatically down-
load and process the temperature records from a free API service named OpenWeath-
erMap. The temperature data definition, included in the “Temperature” QDialog window
(see Section 4), can be combined with the use of a cosine temperature model, Equation
(23), in case of missing daily average temperature values in correspondence of the
temporal baseline defined by time sampling processing of the two satellite acquisition
geometries. The fitting process, automated in Python, can be shown by the user in the
same QDialog window. All the above steps are tracked in a log messages box, designed
with a QTextEdit, containing also warnings due to, for example, mismatching of data
types (e.g., strings instead of numbers in QTableWidget of bridge information).
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The tab named “PS Selection” allows criterion-based PS selection as described in Step
1 of Section 1.2.3.1. The view, organized by spans and acquisition geometries, can be
updated every time a new attribute is considered. To enhance the informed selection of
PS, BAS-MTInSAR GUI allows users to observe the PS distribution on the span and by
left click on them to examine their attributes on the right of the plots. Moreover, by right-
clicking with the cursor on a PS, its LoS displacement time series is prompted in a new
QDialog window. Once the practitioner is satisfied with the selection of PS, the average
displacement time series is computed and can be observed in the tab named “Dis-
placement time series”. In this latter, organized by spans as the previous one, BAS-
MTInSAR shows LoS (two Qframe on top) and projected (two Qframe on bottom) av-
erage displacement-time series of centroids of sub-regions and related quantitative in-
formation (i.e., velocities, standard deviation of velocities and cumulative displace-
ments calculated as velocities in a time interval). It is worth specifying the sign con-
vention of projected displacements. These components are assumed positive in the
direction from the start to the end of the span (this depends on the direction in which
the bridge centerline is drawn), projected vertical components are assumed as positive
when upwards (Fig. 48).

To derive additional information about trend and seasonality of displacements, the tab
named “Seasonal-Trend component” is designed. Both STL and LSRM algorithms de-
scribed in the Step 3 of Section 1.2.3.1 are available. Results, also in this case orga-
nized by spans, are divided in QFrame: (i) the two on the top pertain to the seasonal
components, longitudinal and vertical from left to right; (ii) the two on the bottom pertain
to the trend components, in the same order as for the seasonal ones. In this case,
QTableWidget records different computed quantities, that is, slope, standard deviation,
coefficient of determination of LSRM, and the cumulative displacements.

The evaluation of the deformation scenarios and asset management is the core element
of BAS-MTInSAR and all data previously elaborated are used in the two tabs named
“Deformation scenarios” and “Database”. In “Deformation scenario”, a summary of the
required data for the evaluation of scenarios, presented in Step 4 of Section 1.2.3.1,
and related results are displayed in different QFrame (i.e., one for each displacement
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component). Also in this case, the representation is provided separately for each span,
to preserve coherence in the GUI. Near to each threshold value, a graphic symbol (green
check, yellow triangle, or red triangle) is shown and, to make results checking easier
and faster, thresholds QLabel are coloured as the graphic symbol. The scenario as-
sessment is considered positive (green check) if the thresholds are not overcome in
the last two years of observation. Otherwise, an attention (yellow triangle) or warning
(red triangle) message is issued, depending on the number of years in which the thresh-
olds are exceeded for seasonal components, or on the magnitude of velocities (classi-
fied in three ranges) for trend components. The attention message includes a descrip-
tion based on the structural assessment explained in Step 4 of Section 1.2.3.1. It is
worth specifying that possible false alarms could arise due to the inaccuracies of sat-
ellite data and their manipulations. For this reason, the deformation scenario results
should not be used to detect possible damage, but to only for supporting the operation
of onsite surveys.

The tab named “Database”, Fig. 49, is designed to navigate through the evaluated
bridges and to update results. A list of available bridges is designed to select the desired
structure and the information automatically saved through shapefiles are recalled and
shown (e.g., observation period, status of each deformation scenario, as the worst
through the entire bridge, and its summary). Deformation scenario status can be
changed through “Change status” QPushButton, which opens a new QDialog window
named “Inspection report”, Fig. 50. In this window, users can declare the date of onsite
visual inspection, confirm or clean attention and warning alerts. In the bottom part, a
QTableWidget was given for summarizing the number of passed checks, attention and
warnings marks for each displacement component through the entire database. The
“Show on map” QPushButton was used to locate them in the QGIS visualization envi-
ronment.
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Fig. 49 - "Database" QTabWidget of “Bridge analysis” QDialog window. Listed bridges (e.g., Bridge 1 in
QListWidget) and numbers in the Summary QTableWidget are fictitious and added by the author for
demonstration purpose only. Fiumicino (Rome) bridge is the one discussed in Section 1.2.2.2.
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Fig. 50 - “Inspection report” QDialog window.

1.2.3.3. Application of the proposed BAS-MTInSAR plugin

This section is aimed at providing an illustrative and technical application of the
proposed BAS-MTInSAR plugin on a single-span simply supported concrete girder
bridge, the same described in Section 1.2.2.2 and showed in Fig. 51.

To begin the assessment, a new QGIS project was opened and saved in a directory
containing shapefiles of the bridge centerline and of the SPINUA elaborations for ASC
and DSC acquisition geometries (main features of CKS datasets in Table 12). After
importing the shapefiles into the project, BAS-MTINSAR was executed. As first

Double-T shaped beam

Fig. 51 - Single-span simply supported concrete girder bridge, Fiumicino, Rome (ltaly) in a scale
axonometric view. The single span bridge, characterized by 10 double-T beams of equal sections is
divided into three sub-regions (i.e., 1%, 2" and 3" sub-region). The 1% sub-region is characterized by
roller bearings, while the 3™ one by pinned bearings.
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Table 12 - Characteristics of the employed SAR datasets for the single-span prestressed RC bridge.

Spatial Incidence  Azimuth
Satellite Mode patl Pass type Time span

Resolution angle 6 [°] angle a [°]

StripMap
CSK HIMAGE 3mx3m ASC Oct 2017 —Nov 2020  33.282 169.373
StripMap

CSK HIMAGE 3mx3m DSC  Sept2017 —-Dec 2020  29.550 11.026

() BAS-MTInSAR

Data collection PS Selection Displacement time series Seasonal-Trend components Deformation scenarios Database
Bridge information Beam section design

Quantities must be expressed in meters.
Bridge name: |Fiumidno {Rome)

Take information from .CSV file
Bridge centerline layer Satelite ASC data layer Satellite DSC data layer

CSK_ASC - CSK_ASC - CSK_ASC -

Take information from .CSV file

V| Insert Beam section information

/| Insert Bridge information

MNumber of spans: 1| 1]

Length Width Height Deck 5
[m] Iml] Im] section Y B 1]
T T
122 24 4 1 4 ] 0 -1 o 1
Sample Section 1 - Refresh
Number of sections: 1=
Section 1

Flange top width
Flange top depth i

Web top width

Deck section design Flange bottom width | ***

Take information from .C5V file Flange bottom depth| *™

| Web bottom width |

Section height
V| Insert deck section informations
Mumber of deck sections: 1| Type of supports: Fixed, Mobile Unit measures: m and MPa Temperature information
- Click button to set temperature information. Temperafure
Beam N. of Young Slab Left Right Support  Support
section beams = Modulus thickness overhana overhang beainning end
Log Messages
1 10 e o e o Mobile Fixed

[10/09/2024 16:25:03) Bridge centerline layer selcted "Centerline™, | =
[10/09/2024 16:25:10] Satelitz ASC dats layer selected:
"CSK_ASC™
[10/09/2024 16:25:15] Satelite DSC dats layer selected:
"CSK_DsCT

Apply oK Cancel

Fig. 52 - Definition of input data through the “Data collection” QTabWidget of “Bridge analysis” QDialog

window. “Deck Section design” and “Beam Section design” are defined according to Fig. 44, resulting
into Fig. 51.
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(& Temperature x

Temperature data
V| Take information from .CSV file

f{Temperature_time_series.csv
Heading: Date (DD/MM/YYY) covering the MTINSAR data observation days, Average daly
temperature.

Use OpentieartherMap

|
V| Use cosine temperature model

Suggested in case of missing temperature values along the satelite baseine.
Tim) = Ar + Brcos(@ (m - pr))

Temperature data

Temperature (° C)

Month

Fig. 53 — Temperature data of the closets weather station. Chart shows monthly average temperature in
2017, 2018, 2019 and 2020 (red cross, blue cross, green cross, red circle respectively) used in the
cosine temperature model, Equation (23). Purple line is the cosine model whose parameters are the
average of the model itself fitted over each year of temperature acquisition.

step, the abovementioned layers were uploaded, and incomplete structural information
contents were implemented, Fig. 52. The double-T beam section was defined and as-
signed to the deck in a number equal to 10. Environmental temperature data were avail-
able from the closest weather station and were processed with the cosine temperature
model, Fig. 53, due to many missing values along satellite temporal baseline.

After, the PS selection was performed (Fig. 54), using only height criterion due to the
few retained PS in each sub-region (i.e., 1%, 2" and 3") in the case of multi-criteria se-
lection defined in Step 1 of Section 1.2.3.1. All the selected PS were characterized by
a negative V/,s value in both acquisition geometries (e.g., L20967P02301 for ASC and
L20967P0485 for DSC in Fig. 54). Indeed, observing average displacement time series
along the LoS direction in the “Displacement time series” tab (top

100



Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

() BAS-MTInSAR

Data collection PS5 Selection Displacement time series Seasonal-Trend components Deformation scenarios Database
Selection criteria
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applied

[10/09/2024 16:30:02] LO2355P 17829
selected

Fig. 54 - "PS Selection" QTabWidget of “Bridge analysis” QDialog window.

QFrame in Fig. 55) only negative V/;,s values were reported. They were ranging from -
12.40 to -13.72 mm/y, together with negative values of the cumulative displacements,
comprised between -37.87 mm and -46.44 mm. Given the convention sign of LoS
reported in Section 1.2.1.4, PS are moving away from the satellite in both acquisition

geometries.

To gather information regarding the displacement components along bridge axes, the
ASC and DSC datasets were combined and projected considering the orientation of the
bridge defined by y angle equal to 4°, Fig. 51 and Table 9. A strong negative
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Fig. 55 - "Displacement time series" QTabWidget of “Bridge analysis” QDialog window.

vertical component was identified for each sub-region with similar velocities (between
-14.29 mm/y and -15.31 mm/y) and cumulative displacements (between -43.65 mm
and -46.76 mm) to the ones along the two LoS (bottom right QFrame in Fig. 55). This
result was expected for two reasons: (a) subsidence phenomena affect the area, due
to its hydro geomorphological context (Nettis et al., 2023a; Orellana et al., 2020); (b)
SAR data reported negative LoS displacements in both acquisition geometries with
similar velocities, which is symptomatic of a strong vertical displacement component

for the focused structure (REA-CNR, 2021). Lower values of velocity, 1.7 mm/y, and
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cumulative displacements, 5.19 mm, were identified for the longitudinal component.
Positive values of the longitudinal component were oriented in the West-Est direction,
considering the bridge centreline drawn direction from left to right (West to East), Fig.
51.

The seasonality of the vertical projected component was masked by a strong trend,
making its evaluation almost impossible as in the case previously shown in Section
1.2.2.2 where a longer observation period was considered. Hence, using STL algorithm
in “Seasonal-Trend components” tab, Fig. 56, the two components were disjointed
confirming the evidence about the vertical trend component. This latter showed maxi-
mum velocity and cumulative displacement values, equal to -15.09 mm/y and -46.12
mm, respectively, in correspondence of the 2" sub-region. On the other hand, a non-
linear longitudinal trend component between 1.06 and 2.34 mm/y was found (from
West to East), based on the LSRM over the nonlinear trend. Seasonal components
showed almost regular seasonality for longitudinal and vertical component, respec-
tively. This information was used in “Deformation scenario” evaluation tab, Fig. 57,
according to the convention sign reported in the green reference system of Fig. 58
(positive d, from left to right, positive d, upward).

Starting from seasonal components, the average temperature at the beginning of the
observation period (7ge) calculated from the cosine temperature model, Fig. 53, was
equal to 17.3 °C. From the same data source, exploiting minimum (7,y) and maximum
(Twax) temperatures in the observation period, 8.6 and 27.5 °C respectively, two AT,
were calculated to define longitudinal thresholds (herein named positive and negative
displacement available). For the vertical seasonal component, a linear gradient temper-
ature of 5°C was assumed according to code prescriptions (MIT, 2018). For both sea-
sonal components, the deformation scenario assessment was successful, Fig. 57. In
this figure, thresholds values (red patches) were reported and their overcoming was
registered only in the case of longitudinal seasonal component in March and June of
2018. Given the assumption of neglecting the overcoming in the last two years of ob-
servation, the assessment is considered positive. The same result can be highlighted
for the control performed on bearings. Indeed, based on design documents, the bridge
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Fig. 56 - "Seasonal-Trend components" QTabWidget of “Bridge analysis” QDialog window.

is characterized by roller supports at the beginning of the span (i.e., 1% sub-region) and
pinned at its end (i.e., 3" sub-region). According to this information and to bridge cen-
terline drawn direction, from which the abovementioned convention sign depends, the
maximum (i.e., positive) longitudinal seasonal displacements should occur in the cold-
est months of the year (in Italy typically from December to February, Fig. 53). The AT,
of — 8.7 °C, equal to Tyw — Tger, induce a shortening (negative displacement available)
of the deck of 1.9 mm from roller to pinned support as reported by the blue dashed

lines of Fig. 58(a). On the other hand, during the hottest months of the year (in Italy
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Fig. 57 - "Deformation scenarios" QTabWidget of “Bridge analysis” QDialog window.

typically from June to August, Fig. 53), the AT; of 18.9 °C, equal to Tyux — Trer, induce
an elongation (positive displacement available) of the deck of 2.3 mm from pinned to
roller support as reported by the red dashed lines of Fig. 58(a). The phase of the three
seasonal longitudinal displacements time series was aligned, and the shortening (pos-
itive displacement) was found around January in each year, Fig. 57. Thus, the bridge
is behaving according to the bearing distribution reported in the design documents,
finding a coherence in vertical seasonal displacements. Looking at the static scheme
in Fig. 46(a) and time series in Fig. 57, a negative AT, of 5°C inducing positive upward
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(b) Longitudinal trend displacement scenario

(a) Longitudinal seasonal displacement scenario

Positive convention

Fig. 58 - Some of the evaluated bridge displacement scenarios on the Fiumicino (Rome) bridge. (a)
Longitudinal seasonal displacement scenario, dashed lines represent the deformed shape of the bridge
under AT¢. Red lines refer to a positive AT, (negative displacement), blue ones to a negative AT; (positive
displacement); (b) Longitudinal trend displacement scenario, focus on 3" sub-region with dashed lines
showing a uniform positive displacement toward East (black reference system on top left); (c) Vertical
trend displacement scenario, focus on 3" sub-region with dashed lines showing a uniform downward
negative displacement. Deformed shapes of the span are not scaled and represented only for description
purpose.

displacement is found in the winter, typical of a deck surface colder than its lower face.
Given the confinement of the vertical seasonal displacements within the proposed
thresholds for this assessment scenario, the two thresholds proved to be effective and
descriptive of the bridge typology under investigation. Different results were obtained
for trend components. A medium-low velocity scenario was found for the longitudinal
component toward East direction, suggesting the attention for potential damage on lon-
gitudinal displacement joints (i.e., in case the bridge deck is moving away from the left
abutment in the longitudinal direction). The high-velocity deformation scenario detected
on the vertical component was ascribed to subsidence given the negligible difference
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between cumulative displacements of sub-regions according to its definition in Section
1.2.1.7, with a warning to check potential damage on transition zones (i.e., in case the
bridge deck and the abutments are moving away from each other in the vertical direc-
tion). Given the extension of the area affected by hydrogeological phenomena, these
occurrences may not be found after the onsite survey and the check might be changed
to “Inspection report” QDialog window, Fig. 50.

1.3. Conclusions

This Chapter proposed a Multi-Temporal Interferometric Synthetic Aperture Ra-
dar- (MTInSAR) based early warning system to investigate structural displacements
and slow deformations over time for single/multi-span simply supported pre-
stressed/reinforced-concrete girder bridges. As a main advantage, the proposed frame-
work presents a standardized and scalable series of steps, developed through a Python
module, to apply for the purpose of large-scale monitoring of the considered structural
typology, one of the most common in bridge portfolios in Italy. The main piece of in-
formation employed in the framework are the SAR data, processed by MTInSAR algo-
rithms, demonstrating its effectiveness for near-continuous large-scale monitoring of
single structures. The main advantage of SAR data are the image resolution, the frame
size, and the short revisit time. However, SAR data are not sufficient for monitoring
purposes and therefore need to be supplemented by additional information. Among
these, as minimum requirements, environmental temperatures, and structural infor-
mation from original drawings should be available such as the number of spans, the
position, the longitudinal and transversal dimensions, the bearings distribution, and the
structural material. Bridge geometrical information and Persistent Scatterers (PSs) at-
tributes are used for PS selection considering both geo-positioning errors and algorithm
inaccuracies. After, the bridge spans are considered as homogenous structural units
characterized by several Line-of-Sight (LoS) displacement time series, one for each
selected PS. Spatial and temporal coherence between the two satellite acquisition ge-
ometries must be ensured, and the criteria for performing resampling operations are
provided. Each span is then subdivided into sub-regions (at least three parts) to high-
light the different structural behaviour between regions close to the bearings and
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regions in the middle of the span. Each region is characterized by two average LoS
displacement time series, one for each acquisition geometry. Taking advantage from
these two and fixing predefined reference directions in the Mobile-Local Cartesian Ref-
erence System (M-LCRS), longitudinal and vertical displacements are computed for
each sub-region, by employing directional cosines for the LoS vector along the refer-
ence directions. The obtained displacement time series can be characterized by a trend
and a seasonal component, and both can be evaluated against service conditions (e.g.,
thermal and traffic/gravity loads). To obtain these seasonal and trend displacement
components, a Seasonal Trend LOESS (STL) algorithm is applied. Using straightfor-
ward static schemes, likely thresholds for the abovementioned displacement compo-
nents are established, considering an a-priori unknown deformed shape of the bridge
(as systematic over time, starting from the first acquisition).
The framework is applied to two structures representative of the considered structural
typology, by using COSMO-SkyMed satellite data retrieved from a five-year observation
period. Results were elaborated for each span and the related sub-regions. From lon-
gitudinal displacement time series, the related seasonal component revealed unex-
pected behaviour of the bearings, which differently operates from the ideal situation
(i.e., design documents) for both bridges. This is the first valuable piece of information,
which could be assessed only through a visual survey. Looking at the results obtained
on the remaining displacement components STL model, other considerations can be
derived:
e About the multi-span bridge, the temperature threshold is always exceeded dur-
ing the summer months by sub-regions close to the mobile bearings of 1* and
3" spans. Moreover, the magnitude of the longitudinal seasonal displacements
increased in both summer and winter, which confirmed the above observation
on the operation of the supports. Regarding vertical seasonal displacements,
no warnings are noticed. Regarding the bridge-specific displacement scenar-
ios, the 1* span falls under Scenario 1 (material degradation) while the 3" span
falls under Scenario 3 (differential displacement). From the comparison of de-
scriptive characteristics with the threshold values, no span was subjected to
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warnings. Small velocity values are found for longitudinal trend components,
which could be due to several causes, such as material degradation or aging.

e On the single-span bridge, a strong trend component related to vertical dis-
placement characterized is found (-15.5 mm/y and a cumulative displacement
of almost 80 mm). Regarding the bridge-specific displacement scenarios, Sce-
nario 2 is ascribed to the span (uniform vertical displacement) which was ex-
pected from the hydro-geomorphological context of the area. Seasonal temper-
ature displacement components, on the other hand, are observed within limits
calculated with simple analytical models. However, no structural damages re-
lated to the subsidence should be observed during an onsite survey as the area
around the bridge moves along with the bridge itself.

From the application of the proposed procedure, the main pros and cons can be high-
lighted. As main potentialities, the proposed early-warning system uses SAR data to
perform cost-effective long-term structural risk monitoring of existing bridges in a port-
folio, by simply elaborating the displacement time series derived by the PSs (i.e., out-
put-only procedure). The identification of possible anomalies, detected comparing dis-
placements along predefined directions with the structural behaviour under service con-
ditions, can be used by transportation management authorities to plan further actions
(e.g., specific bridge sensors-based monitoring, traffic limitations). The entire frame-
work is automatic because implemented in a specific Python module, which allows the
output to be automatically updated when new input data are available and to perform
the monitoring procedure on all bridges belonging to a targeted road network. At this
scope, to ease the application of the framework by practitioners, BAS-MTInSAR, a user-
friendly GIS plugin with a GUI, was developed.

On the other hand, the main disadvantage is represented by the absence of data. As a
matter of fact, if SAR data are not available or the PSs on the focused bridges (or span)
are limited, the proposed procedure cannot provide a result. In the end, it is worth noting
that the proposed approach cannot replace the traditional monitoring methodologies,
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considering the limits characterizing the information contained in the satellite data. Nev-
ertheless, also according to the provisions of the Italian guidelines (MIT, 2020), the
approach can be used for large-scale monitoring of bridges within road networks, es-
pecially for those phenomena that are difficult to survey through a visual inspection.
Future developments will include some enhancements, thanks also to the development
of more powerful satellite sensors and to the deployment of new satellite constellations.
As first improvement, to acquire more accurate measurements for each sub-region and
to characterize regions not covered by PSs, spatial resampling can be pursued. This
could be carried out by employing additional models, such as the Inverse Distance
Weighted or Kriging techniques. Moreover, due to the deterministic manipulation of
both thresholds and displacement time series, a probabilistic approach could be imple-
mented to overcome deterministic risk assessment. Still, other data could be imple-
mented in the proposed framework, considering that it currently works like an “output-
only” procedure. For example, information about traffic loads (e.g., average daily traffic,
heavy-average daily traffic) could be considered in the procedure as additional input to
define more reliable thresholds. Another piece of information, discussed in the following
Chapter, can be retrieved by UAV photogrammetry to enhance displacement evaluation
on the surrounding area in unurbanized contexts, characterized by a lack of scatterers.
Finally, with proper modifications, the method could be extended to other bridge typol-
ogies.

110



Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

CHAPTER 2

PROBABILISTIC-BASED ASSESSMENT OF SUBSIDENCE PHENOMENA
ON THE EXISTING BUILT HERITAGE BY COMBINING MTINSAR DATA
AND UAV PHOTOGRAMMETRY

In this Chapter, an overview of Unmanned Aerial Vehicles (UAVs) and their ap-
plications is presented, focusing on UAV Photogrammetry and related products, such
as the Digital Surface Model (DSM). After a literature review about the potentials of this
technique as a cost-effective technology for existing built heritage (both buildings and
infrastructures) and landslide monitoring, a probabilistic-based approach is presented
exploiting the integration of Multi-Temporal Interferometry Synthetic Aperture Radar
(MTInSAR) data and UAV photogrammetry (Calo et al., 2024d). The idea is to combine
the pros of these two techniques while compensating each other's cons. MTINnSAR data
are used to monitor structural displacements in a millimetre scale and to make up for
the absence of scatterers on its surroundings (especially in unurbanized contexts) UAV
photogrammetry and derived DSMs are used. Thus, acquiring UAV images at the be-
ginning and end of a fixed observation period, covered by MTInSAR data too, statistical
distributions of the spatiotemporal velocities (only the vertical component is assessed)
can be processed and evaluated towards a predefined limit state. The obtained results
are classified under different scenarios, to reveal the occurrence of possible subsidence
phenomena in the structure surrounding and their possible interaction with it. The pro-
posed methodology is firstly validated on a real landslide and, subsequently tested on
the multi-span bridge case study described in Chapter 2 for risk prediction. The prob-
ability-based framework shows a satisfying capacity of providing warnings to employ
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in risk mitigation plans, although a qualitative and not quantitative information on the
geological risk affecting the focused structure is provided.

2.1. Fundament

2.1.1. Unmanned Aerial Vehicles

An Unmanned Aerial Vehicle or UAV (also known as a drone) is an aircraft
without a human pilot on-board and can be piloted remotely or can fly autonomously
with predefined paths (Chaurasia and Mohindru, 2021). UAV is a component of an
unmanned aircraft system which further includes a remote-control station and a system
of communication between the two. UAV is a term mostly referenced to be used in
military use cases while in civil it is “drone”. A drone is a general term used to refer to
the UAVs (Sharma et al., 2020). UAVs are becoming increasingly notable because of
their applications in several fields and for different scopes (e.qg., disaster management
and monitoring, Rajan et al., 2021; Wang et al., 2023, aerial mapping, Samad et al.,
2013, asset inspection, Montambault et al., 2010, precision agriculture, Tsouros et al.,
2019) depending on the specific payload carrying. Payload is not the only component
of a UAV, Fig. 59, but it’s the most important one and is chosen depending on the data
to be collected during flight and desired output after post-processing. Payloads can
include RGB cameras to capture high-resolution optical images, thermal imaging cam-
eras to detect temperature changes, LIDAR sensors to generate detailed
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Fig. 59 - Drone (UAV) components. Phantom 4 DJI (DJI, 2024).
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three-dimensional maps of terrain and structures, and multispectral sensors. A typical
image-based aerial surveying with an UAV platform requires a flight or mission planning
and ground control points (GCPs) measurement for geo-referencing purposes. After
the acquisitions, images can be used for stitching and mosaicking purposes, or they
can be the input of the photogrammetric process to generate a Digital Surface Model
(DSM).

2.1.2. UAV Photogrammetry

In general, the UAV photogrammetry consists of the use of a UAV for collecting
images about the area to survey, which in turn are processed (e.g., superposition) to
generally create a point cloud. This latter can be defined as a set of georeferenced
points (i.e., identified in a three-dimensional reference system) representing objects in
the investigated area. The first step to attain a UAV photogrammetry product (e.g.,
DSM) is the flight plan which is as import as the acquisition process (Nex and Remon-
dino, 2014). In this initial phase all interferences and constraints must be considered
and in order to do this dedicated software and knowledge of the area of interest are
required. Moreover, intrinsic parameters of the UAV (e.qg., flight autonomy and size) and
of the onboard digital camera must be considered. Indeed, camera field-of-view, shut-
ter speed and resolution are important for the outcome of the photogrammetry. Both
influence the resolution of the product and the flight distance from the surveyed object
(e.g., a structure) for the consistent overlap of the images (at least 70% depending on
the distance of the target, the camera field-of-view and camera shutter speed). The
flight is normally done in manual, assisted, or autonomous mode, according to the
mission specifications, type of UAV, and environmental conditions. The presence
onboard of GNSS/INS navigation devices is usually exploited for the autonomous flight
(take-off, navigation, and landing) and to guide the image acquisition in the second
step. The image network quality is strongly influenced by the typology of the performed
flight. In the manual mode, the image overlap and the geometry of acquisition is usually
very irregular, while the presence of GNSS/INS devices, together with a navigation sys-
tem, can improve the acquisition process. Another important information, automatically
acquired by the UAV, is the geo-position of the images to geo-reference the final 3D
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product. Advanced and expensive sensors based on single/double-frequency position-
ing mode can be used or the RTK would improve the quality of positioning to a centi-
metre level (Remondino et al., 2012). If the navigation positioning system cannot be
directly used (i.e., signal is strongly degraded or not available as in downtowns or rain-
forest areas), the orientation phase must rely only on a pure image-based approach
(Eugster and Nebiker, 2008), thus requiring GCPs for scaling and geo-referencing.
The image post-processing involves software, like Agisoft Metashape (Agisoft, 2024),
which analyse aerial photographs and their tie points, points recognizable from different
images thanks to the accurate overlapping zone between the acquired images. By pro-
cessing images derived for instance by UAV, point clouds with centimeter accuracy
can be obtained, achieving same outcomes derivable by other traditional survey tech-
niques (Golomina and Molina, 2014). Generally, by managing mesh and texture oper-
ations, point clouds can provide results like the DSM, which is a graphical representa-
tion of elevation data about terrain, overlaying objects with both positional and elevation
information. Still, from cloud points, orthomosaics can be produced, through projection
of raster images composed of coloured pixels resulting from orthorectified images (i.e.,
warped) within the photogrammetric dataset.

As for other survey techniques, also UAV photogrammetry is characterized by errors,
which can be identified in three typologies: (1) photo camera errors; (2) lens system
errors; (3) photogram errors, all attributable to construction errors or imperfections.

2.2. UAV photogrammetry for structures and infrastructure monitoring

Concerning the use of UAVs on structures and infrastructures, the scientific
literature is oriented on three main research areas: (i) inspection protocols for identify-
ing defectiveness; (i) inspection protocols for retrieving information for structural as-
sessment; (iii) high-accuracy photogrammetry for surveying built stock and surround-
ing area.

Based on the characteristics of UAVs, their employment in monitoring and inspection
of structures and infrastructure is increasing. Regarding bridge monitoring, UAVs ease
the visual inspection process of inaccessible areas due to topography making possible

to assess each bridge component (e.g., abutment) or in case of high bridges (i.e., beam
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intrados higher than 10-15 meters from ground level). In this case, a by-bridge platform
is required to observe structural element defectiveness from a close distance, while
drones are both cheaper and easier to find allowing for cheaper and regular inspections.
UAV photogrammetry has promising outcomes regarding inspection protocols for iden-
tifying defectiveness as demonstrated in recent scientific literature. Kim et al. (2018)
investigated a crack identification method based on deep learning algorithms, that sig-
nificantly reduces the computational cost, for crack detection and location. Authors
calculated the length and thickness of the cracks using different image processing tech-
niques and validated through field tests. Although the effectiveness of the technique for
assessment, difficulties in the quantification of some cracks are found due to the sur-
face contamination of aging concrete. Also, image processing can be affected by the
surrounding environment, such as shadows and the intensity of sunlight. Therefore,
authors suggest solving these problems through lighting equipment and post-pro-
cessing. Duque et al. (2018) used UAV high quality images to measure crack lengths,
thicknesses, and rust stain areas on Keystone Wye glued-laminated timber arch bridge.
The proposed protocol evaluated image quality parameters, including sharpness and
entropy and feature detection was performed based on both pixel- and photogramme-
try-based measurements. Both measurement techniques were accurate when com-
pared to direct measurements and then UAV image-based methods are evaluated effi-
cient in terms of time, expenses, and safety risk reduction. Lie ef al. (2018) formulated
a new crack detection method based on crack central point to address the drawbacks
of the traditional edge detection methods and K-means clustering method. The results
of the experimental campaign showed a reduced environmental noise and the ability to
effectively and accurately extract the cracks of the collected images using small
amounts of data.

Regarding the potentialities of creating an accurate 3D model of the scene, this feature
can be used for inspection protocols for retrieving information for structural assess-
ment. Castellazzi et al. (2015) presented and validated CLOUD2FEM, semi-automatic
procedure to transform 3D point clouds, acquired with any kind of technology, of com-
plex objects into a 3D finite element model of a fortress damaged by the 2012 Emilia
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earthquake. The resulting model contains all the information to use with a FE model,
including material mechanical properties. The accuracy of the proposed FE model is
validated by a linear natural frequency analysis and results compared with ones gained
from a CAD generated model. Results showed very good agreement. Furthermore, an
estimation of the time required to generate the same model for both CAD-based and
CLOUD2FEM-based is evaluated showing a significant saving of time for the
CLOUD2FEM procedure. Barazzetti et al. (2015) investigated the use of detailed BIM
models generated by dense point clouds for FE Analysis highlighting some of the weak-
nesses and requirements. Regarding weaknesses of BIM models, it is not straightfor-
ward to re-adapt a BIM model to include complex shapes that characterize the load-
bearing elements of the historical building without redrawing a new model only for
structural analysis. Furthermore, the constructive logic must be incorporated into the
model to understand the behaviour of the different structural elements, especially in
masonry historic buildings like Castel Masegra, Sondrio (ltaly). Morgenthal ef al.
(2018) proposed a framework to automatically acquire tailored image data of bridges
with arbitrary geometries using UAV, to process images and to exiract as well as to
interpret information about the structural condition as a basis for structural condition
assessment. The remarkable contribution of authors showed how to match information
quality criteria and autonomous flight challenges (e.g., environmental conditions as
wind). Wang et al. (2023) proposed a framework for rapid seismic risk assessment of
bridges using aerial photogrammetric surveys through UAVs. The data acquired by the
UAV is used for computer-vision-based automatic extraction of visible geometric fea-
tures. The 3D reconstruction process is validated by comparing the UAV survey with a
laser scanner one. These features are combined in analytical models, more time-effi-
cient if compared to FE model, accounting for bending and shear mechanisms in bridge
piers to perform a seismic risk assessment in terms of capacity-to-demand ratios. The
feasibility of the proposed framework is demonstrated on a simply supported bridge in
the Italian highway network showing potentialities for network-scale bridge manage-
ment purpose.
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High-accuracy photogrammetry for surveying built stock and surrounding area is the
research line fitting with the scope of this research work. As emerged from previous
literature review, the UAV photogrammetry consists in the use of UAV for collecting
images about the area to survey which are post-processed to create, for example DSM.
In the context of monitoring landslides, UAV photogrammetry proved of extensive use,
as proposed by the scientific literature, exploiting the trade-off between the possibility
to monitor wide areas and an information requiring different elaborations to be ex-
tremely accurate. For example, in Devoto et al. (2020) authors evidenced the pros of
UAV-based digital photogrammetry by investigating the slow-motion of coastal land-
slides in the northwestern of Malta. The authors aimed to analyse models and ortho-
mosaics to assess and categorize coastal megaclast deposits. On the other hand, the
use of UAV surveys for monitoring landslides and their effects on structures is of inter-
est to the scope of this research work. In this field, limited literature exists, as reported
in Ozcan and Ozcan (2021), in which a study was conducted by observing different
surveys of the Turkish Bogacay lagoon plain area including a bridge near the river. The
authors performed a high-resolution topographic survey over two consecutive years
using UAVs to identify morphological changes in the river channel. Data from repeated
UAV acquisition were compared to estimate parameters like deposition and erosion
volumes.

Finally, few works can be mentioned about the combination of UAV photogrammetry
and Synthetic Aperture Radar (SAR) data to assess landslide impacts on structures and
infrastructures. Events like the 2022, Casamicciola landslide (Romeo et al., 2023),
demonstrate the paramount importance of monitoring terrain motions (which in turn
are dependent on other atmospheric phenomena, such as rains as shown in Vassallo
et al., 2016; Galeandro et al., 2013) for ensuring safety of the existing built heritage.
Especially when referring to landslide action, continuous monitoring systems constitute
safe approaches, which can reveal real-time motions of specific areas, directly attribut-
able to ongoing phenomena and leading to the definition of potential losses in surround-
ing structures and infrastructures. On the other hand, traditional structural health mon-
itoring systems (i.e., sensors-based) can be expensive, as well as their use implies
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high management costs, which discourage this practice unless strictly necessary or if
the focused structures assume social relevance (e.g., strategic structures). An alterna-
tive option can be represented by the involvement of a pool of experts who periodically
monitor the focused area. Nevertheless, also this possibility is difficult to pursue, since
not very efficient and, at the same time, possibly very expensive. Streamlining the op-
tions and choosing the cheapest route, it is possible to appeal to new cost-effective
technologies that, despite showing some limitations, can improve the current practices
of risk assessment. Meng et al. (2021) investigated the evolution at large-scale of a
landslide in northwestern China, identifying erosion and accumulation zones on the
base of elevation model differences obtained from surveys. Casagli et al. (2017) ex-
ploited the synergic use of UAV photogrammetry and ground-based Interferometry Syn-
thetic Aperture Radar (InSAR) (together with other techniques, such as laser scanning
and infrared thermography) for the purpose of landslide analysis. The authors showed
applications of the above techniques on some case studies, showing pros and cons,
and proposing some ideas for employing these approaches in the field of landslides
risk mitigation. Martins et al. (2020) employed Differential Interferometry Synthetic Ap-
erture Radar data and UAV photogrammetry for monitoring ground deformations in the
Borbonaro region of Timor-Leste, showing good potentialities of the two techniques,
especially when facing movements in a very large area, as the focused one. Eker and
Aydin (2021) used InSAR data and UAV photogrammetry to monitor the slow-moving
Devrek landslide (Turkey), demonstrating that the combination of the two approaches
is adequate for a long-term monitoring and for developing risk mitigation plans.

At the end of the literature review, advantages and shortcomings can be summarised.
UAV allow to remotely acquire images of a scene reducing the effort needed for a field
survey while ensuring a centimetre accuracy for 3D reconstructions and measure-
ments. On the other hand, flight planning is a big issue that requires expertise thus
limiting the use of UAVs to manual flights in most cases. This occurrence limits the
applicability of UAV photogrammetry for continuous monitoring but at the same time a
near-continuous monitoring can be planned in case of risks as landslides.
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On this basis, the next section presents a method to assess geological risks (and in
particular, subsidence phenomena) affecting a structure, by exploiting the output pro-
vided by two of the currently most attractive cost-effective technologies: (a) MTInSAR;
(b) UAV photogrammetry. MTInSAR data can provide long-term monitoring with a mil-
limetre accuracy as showed in Chapter 2, while UAV photogrammetry can provide a
DSM of the area around the focused structure. For this latter, by performing surveys in
different moments, it is possible to assess variations of DSMs over time, with a centi-
metre accuracy. Given the different accuracy and the uncertainties related to the
measures, this research work proposes the minimum requirements to perform a prob-
abilistic-based approach, which aims at comparing the statistical distributions of the
spatiotemporal velocities (i.e., a normalized measure of the displacements) given by
both techniques, to assess the evolution of an ongoing phenomenon affecting the fo-
cused structure. By comparing the above statistical distributions with a threshold value
through a limit-state (LS) function, the probabilities of exceeding (PoEs) the imposed
limit can be defined. By comparing the PoE obtained from MTInSAR data (PoEyisar)
and the ones obtained from UAV photogrammetry (PoEy,y), different scenarios are
identified, which can reveal possible ongoing undesired phenomena on the focused
structure (e.g., subsidence effects). Together with the description of the probabilistic
approach, the application on two real-life cases studies is proposed (i.e., real landslide
and multi-span bridge described in Section 1.2.2.1). The first one is used for validating
the hypotheses of the proposed scenarios and the second one for the purpose of sub-
sidence risk assessment.

2.2.1. Probabilistic-based approach for MTInSAR and UAV photogrammetry
integration: a framework proposal
The proposed approach is graphically shown in Fig. 60, which reports each
step of the procedure. A detailed description of each phase is reported in the next Sub-
sections.
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Fig. 60 - Framework of the proposed probabilistic-based approach.

2.2.1.1. Data collection

The first step of the procedure consists of identifying the structure (or infra-
structure) on which assessing subsidence phenomena, and the surrounding area,
which is usually characterized by a rural context. It is worth noting that the proposed
procedure aims to combine the output of the different survey techniques (i.e., MTInSAR
and UAV), where it makes sense to combine them. In fact, if the focused structure is
located in an urbanized area, a higher number of PSs could be found and, given the
higher accuracy than UAV photogrammetry, this latter could be useless. Hence, the
proposed procedure, initially conceptualized for existing bridges, which are usually iso-
lated structure, is strongly recommended for single structures within a near-free field.
The second aspect to fix is the period of observation on which employing the further
elaborations. Considering that the phenomenon under observation (i.e., subsidence)
belongs to the slow kinematic motion families, a period of observation ranging from six
to twelve months is suggested to appreciate the occurrence of variations. Let us as-
sume that the period of observation begins at time 7, and finishes at time 7;. After
identifying the focused area and period of observation, the surveys can be carried out
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by elaborating data from the two involved techniques, i.e., MTInSAR data and UAV
survey.

Regarding satellite data, the time-displacement series (and velocities) over the period
of observation are required (already processed with MTInSAR algorithms, Section
1.1.5), by using the constellations presenting the highest available temporal and spatial
resolutions. Considering that X-band constellations provide higher spatial resolution,
while C-band constellations provide higher temporal resolution, the choice falls on the
most comprehensive dataset for the case under investigation. The data are localized in
some points on the focused structure, identified as Persistent Scatterers (PSs), in
which single or double acquisition geometries can be found (i.e., ASC and DSC in Fig.
12b). Given the positioning accuracy of the PSs (see for example Calo et al., 2023),
the identification of all points characterizing the structure is of fundamental importance.
Hence, as a good practice, a buffer area around the focused structure can be consid-
ered, by imposing a minimum offset equal to the resolution of the considered satellite
data (as in Section 1.2.1.3). For each identified PS, if both acquisition geometries are
available and present the same temporal frequency, both horizontal and vertical dis-
placements can be estimated (as in Section 1.2.1.5). Unfortunately, this occurrence
does not always happen, because the revisit time of ASC and DSC acquisition geome-
tries is different. In fact, to obtain a homogeneous temporal baseline for both acquisition
geometries, a temporal resampling of one component is required. However, for the
sake of generalization and for avoiding additional elaborations of MTInSAR data, au-
thors focused only on the vertical components of displacements (and velocity), by only
referring about subsidence phenomena. As a matter of fact, as the output of the PSs
selection, displacement- or velocity-time series oriented along the LoS are obtained,
which are elaborated to estimate vertical components through a mono-dimensional de-
composition. To this scope, assuming the availability of one acquisition geometry along
the LoS, vertical components of displacements (d;wmssqs) and velocities (Vy;ummsar) for
the / PS can be derived from the measures along the LoS (i.e., ds and V.5 vectors),
given the incidence angle & (Fig. 12a):

diros = AyimTinsar * €0SO (29)
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ViLos = VvimTinsar * €OS (30)

The velocity along the LoS, V., is considered a synthetic parameter of the PS dis-
placement-time series, and it can be evaluated as the slope of the least squares regres-
sion line of the displacements over the period of observation. To define the value of
Viiumnsas in the period of observation, the closest dates to 7, and 7 in which a satellite
acquisition is available should be considered.

Concerning UAV surveys, two on-site campaigns are performed at the start and end of
the period of observation, at the times 7, and T7,. The UAV system to use must be
equipped with an internal multi-constellation GPS. Flights should be performed by as-
suming a fixed camera direction and same altitude, to ensure a regular and continuous
sequence of observation points for the entire duration of the acquisition time. Automatic
flights are desirable to ensure that the same flight paths and camera acquisition param-
eters are adopted during the surveys. The choice of the same GCPs for both flights
should be imposed, these are acquired through a real-time kinematic system to guar-
antee a systematic geolocalization of the entire area. Once flights are performed, DSMs
are required. The first action to take on DSMs at 7, and T; (i.e., DSM; and DSM,) is to
filter the vegetation (where present), in order to avoid bias on the differences between
the two elaborations (i.e., higher displacements due to tree movements). To this scope,
a tree cover density (TCD) map can be employed (e.qg., for the Italian case, TCD can be
retrieved by ISPRA website), by adapting the DSM resolution to the TCD one. After-
wards, the area covered by the focused structure is not accounted for, because it is
investigated through MTINSAR data, which present higher accuracy than UAVs. DSM;
and DSM, can be compared cell-by-cell, where given the /* cell, the values of vertical
displacements (d,;4av) and velocities (V,;uav) can be estimated as:

dvj,UAV = dvj,DSMl - dvj,DSMZ (31)
dvj,UAV
ij,UAV = T, — T, (32)

where the subscripts DSM1 and DSM2 indicates the DSMs at 7, and T;, respectively.
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2.2.1.2. Statistical distributions of measurements

The measures of the vertical displacements and velocities for the focused

structure (i.e., dvimmnsas and Vy;umnssr) and for the surrounding area (dyjpav and Vi;ua),
can be elaborated in statistical terms, by computing distributions of available data.
However, some aspects need to be pointed out. Firstly, although displacements are
available, the two employed techniques present different accuracies. On the other hand,
velocities represent normalized values of the displacements and can reveal the occur-
rence of an ongoing phenomena. Thus, the proposed procedure accounts for velocities,
which can provide a qualitative indication of the relative displacement scenarios of the
structure (measured through MTInSAR data) and the surrounding area (measured
through UAV photogrammetry). Secondly, regarding the sign of the vertical displace-
ments, the subsidence is identified when displacements are positive. To obtain the nec-
essary values, V,;umss €an be derived through a regression of positive and negative
values of dy;wmnsas, While Vs, can be derived by elaborating positive values of d;yay. It
is worth noting that, if the value of d,; ./ IS positive, it means that the vertical quote at
T; is lower than the one at 7, and then, subsidence occurs. This implies that, to inves-
tigate subsidence, only the positive values from DSMs should be considered to esti-
mate V,;yay, While others can be discarded.
According to the above information, statistical distributions of velocities ;4 and
Viivmnsar Can be estimated, by assuming normality of data. For the two measures, a
different computation algorithm must be employed, considering that the real focus of
the proposed procedure is the structure and the possible subsidence effects on it. For
MTInSAR data, given a total of mpss PSs, the mean (uymnsss) and the standard deviation
(owmnssr) €an be computed as:

mpss
Vi VoiMTimsar (33)

UMTInSAR =
Mpgs

(34)

2
mpgss
_ Zi=1 (Vvi,MTInSAR - ﬂMTInSAR)
OMTInSAR =
Mpgs
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STRUCTURE
n CONCENTRIC SUBAREA 1

[E) coNCENTRIC SUBAREA 2

Fig. 61 - Definition of concentric subareas around the structure (in this case, a bridge), and the distances
of interest for weighing measures on DSM. H is the shorter side of DSM, while H,psy indicates the
shortest distance from the external side of the subarea to the centroid of the structure.

Instead, different formulations should be used for data from DSMs. In fact, especially
if the UAV surveys are performed on a wide area around the focused structure, the
displacements (and then the velocities) observed on the closer cells to the structure
are more important than the ones observed on the farther ones, which implies the ne-
cessity to weigh these measures. For generalizing the selection of the cells and their
weights, systematic concentric subareas can be traced around the structure, with a
thickness assumed at the discretion of the user and according to his/her sensibility
(e.g., similar to the size of the structure), up to cover the entire DSM area, as explicated
in Fig. 61.

From the mathematical point of view, given H the shorter side of DSM, the weight to
apply on the displacement of the z” subarea is defined as:

H
x,DSM (35)

where H, psyy is the shortest distance from the external side of the subarea to the centroid
of the structure. The weight w, ranges from 0 to 1, showing higher values for closer
subareas to the structures. Using the obtained values of w, on the related subarea con-
taining a total of n cells, the weighted mean (uua,) and the standard deviation (o)
for the Z" subarea can be computed as:
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n .
Zj:l Vyjuav = Wy

Huav,z = (36)
UAV,z ;'l=1Wz

2
?:1 wy, - (ij,UAV - IlUAV)

Oyav,z = n—1) (37)

' Zr'l=1 w,

n ]

For each subarea, a proper distribution is defined. Some comments need to be provided
about the hypothesis of normal distributions for the involved variables. If the number of
points is not high, normality could be a strong assumption. On the other hand, other
kinds of distributions can be converted into normal ones using the principle of equiva-
lent normalization. Still, in some cases, high values of standard deviation could be ob-
tained, which implies that the mean of data is not representative of the measures in the
area. In this case, data should be managed by eliminating outliers or, in the worst cases,
by removing the tails of the normal distributions.

2.2.1.3. Definition of limit-state function

Having the measures of the ongoing subsidence phenomenon for the structure
and the surrounding area, expressed as two different random variables containing ve-
locities, to establish if the obtained values suggest the occurrence of an undesired
event, a failure criterion can be fixed, by defining a LS function (Novak and Collins,
2013). Generally, a LS function, g, can be defined as:

gR,Q)=R-Q (38)

where, for a failure mode, R represents the capacity of the system and @ indicates the
demand to which the system is subjected. If g(R,Q) is higher than or equal to 0, the
system can be defined as safe, while if g(R,Q) is lower than 0, the system can be
defined as unsafe. Statistical distributions by MTINSAR data (uumnsss and owmnsss) and
by UAV photogrammetry (uya,, and oyay) represent two different values of @, because
they express the demand in terms of subsidence required in the period of observation.
Regarding R, the capacity can be fixed on the base of the user’s sensibility and of the

situation under investigation. Given the absence of a universal value representing a
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threshold for subsidence phenomena, the statistical distribution of R can be assumed
according to the guidelines in REA-CNR (2021) and other literature works (e.g., Nettis
et al., 2023a), which suggest a limit of 2 mm/y on structures and infrastructures when
satellite data are employed, with a standard deviation of 1 mm/y. Assuming a normal
distribution of R having mean, us, equal to 2 mm/y and a standard deviation, oz, equal
to 1 mm/y, each distribution of Q can be compared with R, providing different joint
probability distributions (JPDs) on which investigate safe and unsafe domains. For each
JPD, PoE related to the LS can be derived, i.e., POEymqsar for MTINSAR data and PoEy,y
for UAV photogrammetry of each identified subarea (by generically identifying with wq
and aq the statistical distributions provided by both methodologies). To this end, con-
cepts of structural reliability need to be retrieved where, according to Novak and Collins
(2013), the reliability index, Bix, Can be computed. Assuming R and @ uncorrelated,
Binex indicates the shortest distance from the origin of the standardized abovementioned
random variables, according to the following expression:

Up — U
Bindex = Rz ¢ (39)

JOr? + 0p?
By estimating B4, for the MTINSAR data (8ymnsar) and for each subarea identified in
the DSMs differences (Buay.), POE can be estimated as the complementary of the reli-

ability index:
Burimsar = =P (POEyrmsar) (40)

Buav,z = —¢’_1(POEUAV,z) (41)

where @ represents the cumulative distribution function. Once obtained values of PoE,
they can be compared to determine the subsidence scenarios reported in Section
2.2.1.4. It is worth noting that the reliability index herein involved is the one initially
proposed by Cornell (and after by Hasofer and Lind, as stated in Novak & Collins,
2013), by assuming a linear function of LS. In the case in which the statistical distri-
butions are not normal, the reliability index (and the consequent probability of exceed-
ing) can be estimated through the modification proposed by Rackwitz-Fiessler (as sug-

gested by the Joint Committee of Structural Safety, 2001).
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2.2.14. Definition of subsidence scenarios
Given PoEymssar and PoEyay ., this latter for each concentric subarea, subsid-

ence scenarios can be established. Counting from 1 to z the subareas starting from the
one closer to the structure, three different scenarios are defined (with the related actions
to take):

Scenario 1: PoEymnsar is lower than PoEy,y 1. In this case, the structure is not
affected by subsidence phenomena, even though detected in the surrounding
area. If external subareas present PoEyay, (€.9., POEyay 2 POEyay3) higher than
PoEyay1, monitoring of the surrounding area is required, considering that pos-
sible future motions could affect the structure. Instead, if external subareas pre-
sent PoEyay, (.9., POEyav2 POEyay3) lower than PoEy,y 1, the structure is not
affected by possible slow kinematic displacements.

Scenario 2: PoEymnsar is similar to PoEy,y 1. In this case, the structure and the
surrounding area are behaving accordingly, and the effects of a possible sub-
sidence can be observed. Namely, no discontinuity problems should be ob-
served (e.g., differential settlements). If external subareas present PoEay, (€.9.,
POEyav2 POEyay3) higher than PoEysy s, monitoring of the surrounding area is
required, considering that possible future motions could affect the structure.
Instead, if external subareas present POEyay, (€.9., POEyay2 POEyay3) lower than
PoEyay 1, the subsidence prevalently regards the structure and the closer sur-
rounding area, and the evolution in the external areas should be observed.

Scenario 3: PoEymnsar is higher than PoEy,y ;. In this case, the motion to which
the structure is subjected is higher than the motion of the surrounding areas,
which can be due to structural problems (e.g., differential settlements). Hence,
independently of the values of all PoEy,y,, Structural monitoring is required,
while lower attention should be paid to the surrounding area.
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It is evident once again that, although a quantitative measure of velocities is estimated
(from both involved cost-effective techniques), the proposed procedure does not pro-
vide quantitative feedback about the ongoing phenomena, considering that displace-
ments are not involved as well as a clear threshold in terms of subsidence is not avail-
able (R can be varied case-by-case). On the other hand, the outcome of the proposed
procedure (i.e., scenario identification) can provide some insights about the relative
behaviour between the structure and the surrounding area, giving a warning that can
be employed in risk mitigation plans.

2.2.2. Validation of the proposed procedure: effects of Pomarico landslide on
building

For validation purpose of the proposed procedure, the case study of the
Pomarico landslide, Basilicata, Southern Italy, is investigated. According to the detailed
description in Doglioni et al. (2020), from January 25" to January 29", 2019, after an
extended period of continuous although not intense rainfall, a substantial portion of the
southwestern hillslope on the urban side of Pomarico started a progressive displace-
ment. A complex movement, composed of a roto-translative slide and an earthflow
downstream, retrogressively evolved during those 4 days, causing the collapses of
several buildings and extensively damaging some roads. Fig. 62 reports the aerial views
of Pomarico landslide, which caused extended damages and losses on the structures
and infrastructures facing the hill. Further details of this event are in Doglioni et al.
(2020). According to the proposed procedure, only the quantification of the vertical
component (i.e., subsidence) characterizing the buildings facing the hill and the sur-
rounding area is focused. It is worth noting that, with the proposed procedure it is not
possible to predict or quantify a fast motion like the one that occurred in the landslide
days, but it is possible to assess in a period of reference going from before to after
January 29" 2019, the velocity measures given by MTInSAR data and UAV photo-
grammetry. For the case under investigation, two aerial surveys are available around
the event, one in July 2018 and one in July 2019. For the sake of completeness, the
survey made in July 2018 was performed through a LiDAR survey from which, besides
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Fig. 62 - Areal views of the Pomarico landslide (left) and focus on damaged structures and
infrastructures (right). The red polygon indicates the focused structures.

Monitoring geological movements (e.g., faults and subsidence), it allows to derive a
DSM with a sub-centimetre accuracy. Although there are different accuracies between
UAV and LIDAR surveys, the choice of the velocities allows overcoming these differ-
ences. At the same time, some PSs are available on the buildings affected by the event,
which show the occurrence of the subsidence (and then, of the subsidence). Only DSC
geometry by Sentinel-1 (SEN1) constellation was retrieved (spatial resolution of 5 m x
20 m), in the time span from January 3", 2018, to December 20", 2022, presenting &
equal to 37.319° and « equal to 191.26°. Fig. 63 shows the aerial view of the buildings
in aggregate (red polygon), the distribution of the PSs and a time-displacement series
of one PS.

According to the observed damages on buildings (see Fig. 64), the application of the
proposed procedure should reveal the occurrence of the Scenario 2, that is, POEymnsar
is similar to PoEyay 1. In fact, the expected result should reveal that both the considered
structures and their surrounding area were subjected to the same phenomenon and
then, a similar PoE the LS should be obtained. In quantitative terms, although experi-
enced vertical displacements are different between the focused buildings and surround-
ing area, the expected velocities over the period of observation (1 year for the case at
hand) should be similar, also considering the weights assigned to velocities on the
surrounding area.
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& PSs - SEN
Other PSs
O Selected PS

Fig. 63 - Identification of the structures object of subsidence (red polygon), distribution of PSs, and time-
displacement series of on PS.

Fig. 64 - Observed damages on buildings and roads.

According to the procedure reported in Sections 2.2.1.1 and 2.2.1.2, statistical distri-
butions of velocities can be defined. First, the buffer zones were identified, by subdi-
viding the surrounding area into 3 concentric subareas of 20m, 50m, and 70m. Fig. 65
reports this subdivision, besides reporting PSs on the building footprint. Looking at
MTInSAR data, assuming as positive the values downwards, in the period of observa-
tion the maximum displacements along the LoS and the vertical directions were 1.32
mm and
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Definition of buffer zones
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Fig. 65 - (Pomarico landslide) Identification of three different buffer zones (z=1,2,3) of increasing width
around the structure footprint, and distribution of PSs.

1.05 mm, respectively, while the minimum displacements along the LoS and the verti-
cal directions were -6.99 mm and -5.56 mm, respectively. After, the mean values of
velocities along the LoS and the vertical directions were 1.35 mm/y and 1.09 mm/y,
respectively. For all PSs, using Equations (32) and (33), values of uymnsss and oumnsar
were defined, as shown in Fig. 66, by referring only to the vertical components of dis-
placements.

After, given DSM1 and DSM2 with a cell resolution of 10m x 10m, values of subsidence
displacements were identified (i.e., positive values), to quantify wya, and oy, for the
three subareas. Considering that the landslide occurred only in the southwestern part,
the displacements in the opposite part were ignored. This means that the concentric
subareas were cut, and only the cells on the landslide side were considered. The result
of the comparison between DSM1 and DSM2 can be observed in Fig. 67, which reports
with different colours the cells of each subarea (according to Fig. 65) positive (of sub-
sidence) and negative displacements. In quantitative terms, by using Equation (31), in
the period of observation, the values of maximum displacements for the first, second,
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Dataset: SEN, Geometry: DSC, PSs average Vertical displacement
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Fig. 66 - (Pomarico landslide) Time-vertical displacement series and definition of pwmasas and owrnsar for
velocities (red line), taking as reference the period of observation (light blue band).

and third subareas were 2.12 cm, 5.41 cm, and 10.6 cm, respectively, while the values
of minimum displacements for the first, second, and third subareas were -0.57 cm, -
0.57 cm, and -0.35 cm, respectively. Using positive displacements, statistical param-
eters for the three subareas were computed, as well as the relative values of w,. A
summary of the obtained results is reported in Table 13.

Taking each measure separately, JPD functions were generated and, assuming as LS
function the one reported in Equation (38) and as R the normal distribution proposed in
Section 2.2.1.3, both 8 indexes and PoE the LS were estimated. Fig. 68 reports the
above elaborations, where the JPD functions for MTInSAR data and UAV photogram-
metry (first subarea) were carried out and overlapped on the plane identifying the LS
function. According to Equation (39), Bumss and Buav, (z=1, 2, 3) were evaluated,
from which PoEymnsar and PoEyay, (z=1, 2, 3) were computed, and reported in the last
row of Table 13. In particular, POEymnsar Was equal to 25.65%, while PoEy,y s was equal
to 21.30%. As expected, the two values are similar, thus falling back into Scenario 2.
Still, the values of PoEyay» and PoEyay 3 were equal to 77.8% and 69.6%, respectively
(note that the high standard deviation obtained in the third subarea brings to obtain
POEyav 3 lower than PoEy,y », despite wyay s is strongly higher than wg). Also in this case,
as expected, a monitoring of the surrounding area is required, considering that possible
future motions could affect the structure. The obtained results overall confirm the good

132



Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

0
T —

75m

Buffer zones
Z=1-20m
-0
<0
/=2 -50m
-0
<0
Z=3-70m
o
<o

Fig. 67 - (Pomarico landslide) DSM difference map for the surrounding area to the focused buildings
subdivided into the three concentric subareas. Different colours were used for each subarea and different

colour tones were used for positive (< 0) and negative (> 0) displacements.

Table 13 — (Pomarico landslide) Statistical parameters of velocities obtained by MTInSAR data and UAV
photogrammetry on Pomarico landslide (reference to the subsidence component). Values of pyav, and
ouav, are reported as already weighted for w.. The last row reports the values of PoEwminsar and PoEyay 1,

POEUAvyz, POEUAV,S-

MTInSAR data UAV photogrammetry
f‘r:]”r’nj;’; 1.09 (mv/;) 1.20 (r‘;ﬁv/;) 3.20 (r‘;ﬁv/;) 7.00
((:m; 0.80 (mv/’y) 0.10 (;”r::/;) 1.20 (;”r::/;) 9.70
Wi 0.80 W, 0.50 Ws 0.30
POEum PoE PoE PoE
° [“Z ¥ o565 OWE;‘V" 21.30 OWE;‘V'Z 77.8 OWE;‘V'S 69.6
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Fig. 68 - (Pomarico landslide) JPD functions for MTInSAR data and UAV photogrammetry (z=1)
statistical distributions for the Pomarico landslide (reference to the subsidence component), by fixing a
linear LS function (see Section 2.2.1.3). Unsafe domain is placed at the right of the red plane (i.e., LS
function).

capacity of the proposed procedure to predict the relative subsidence behaviour be-
tween structures and surrounding areas, and in the next Section, the approach was
used for the purpose of risk prediction.

2.2.3. Application of the proposed procedure for the purpose of risk predic-
tion to a multi-span bridge

After validating the proposed procedure, it is tested for predicting subsidence
risk on an existing reinforced concrete (RC) bridge already described in Section 1.2.2.1.
Some photos of the bridge are reported in Fig. 69, comprising a partial aerial view and
a lateral shot. For the case at hand, a period of observation of about one year and a half
was set, starting from October 2021 up to July 2023. In the established period, MTIn-
SAR data were available, with only a DSC imagery by SEN1 constellation, which re-
sulted in 42 PSs on the structure. These latter are characterized by spatial resolution of
5m x 20 m, time span from April 12", 2017, to August 21%, 2023, and present & equal
to 41.218° and « equal to 189.724°. Fig. 73 reports the distribution of PSs on the
bridge. With regard to numerical values by MTInSAR data, assuming positive the values
downwards, in the period of observation the maximum displacements along the LoS
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Fig. 69 - Photos of the focused existing bridge, reporting comprising a partial aerial view (left) and a
lateral shot (right).

and the vertical directions were 4.30 mm and 3.23 mm, respectively, while the mini-
mum displacements along the LoS and the vertical directions were -5.93 mm and -
4.46 mm, respectively. After, the mean values of velocities along the LoS and the ver-
tical directions were -0.11 mm/y and -0.08 mm/y, respectively. Concerning UAV
flights, the aerial surveys were performed through a consumer DJI mini 2, equipped
with a 12MP camera and an internal multi-constellation GPS. In both flights, specific
GCPs were identified and materialized to ensure accurate localization, by using road
signs on the bridge and selected points near the pier. Fig. 70 shows the initial phase of
UAV flight (second survey) and the phase of GCPs acquisition. Both flights were auto-
matically performed, in order to have a systematic and continuous sequence of photos,
covering the entire designated area. The camera direction and flight altitude were kept
fixed throughout the acquisition process. After elaborating data and providing DSM1
and DSM2 (depurated by the TDC) with a cell resolution of 10m x 10m, three different
buffer zones were identified, by subdividing the surrounding area into three concentric
subareas, where the first and the second ones were of 20m and 50m, respectively,
while the third one was constituted by the remaining part of the DSM. In quantitative
terms, by using Equation (31), in the period of observation, the values of maximum
displacements for the first, second, and third subareas were 0.75 cm, 3.79 ¢cm, and
6.13 cm, respectively, while the values of minimum displacements for the first, second,
and third subareas were -0.03 cm, -0.10 cm, and -0.22 c¢m, respectively. Fig. 71
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Fig. 70 - UAV system used for surveying the bridge and acquisition of GCPs by the third author of Calo
et al. (2024d).
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Fig. 71 - (Multi-span RC bridge)ldentification of three different buffer zones (z=1,2,3) of increasing
width around the bridge footprint. Note that the subarea z=3 is not concentric, according to the available
total area of the DEM.
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shows the surrounding area subdivision. In this case, differently from the case de-
scribed in Section 2.2.2, the structure is isolated, and all data contained in the concen-
tric subareas were considered.

According to the proposed framework, using data of all PSs on the bridge, values of
Unmnsar ANd oymsas Were defined, as shown in Fig. 72, by referring only to the vertical
components of displacements. Analogously, values of subsidence displacements were
identified (i.e., positive values) and the quantities pyav, and oy, for the three subareas
were defined. The obtained results are reported in Fig. 73, by using different colours for
the cells of each subarea (according to Fig. 71) and distinguishing colour tones for
positive (of subsidence) and negative displacements. By estimating the values of w,,
the final statistical parameters for the three subareas were derived, as reported in Table
2. The pymmsar is lower than pyay; (and pyav 2, puavs) of about four times, which implies
that while the surrounding area is manifesting some vertical displacements, the bridge
seems to be safe. In addition, it is worth noting the high standard deviation of the sec-
ond and third subareas, which implies a high dispersion of data. This aspect could be
improved by varying the type of statistical distribution. Nonetheless, considering the
good values in the first subarea, normal distributions were always employed.

Dataset: SEN, Geometry: DSC, PSs average Vertical displacement

—— Bridge area
----- LMS UmTinsar = -0.14mm/y Oytinsar = 0.05mm/y
UAV survey (10/2021 - 07/2023)

Displacements [mm]
=)

9 ® o a0 an 0 )
A oY AN P S \ad N
¥ i 7 © oo oo Nl
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Fig. 72 - (Multi-span RC bridge) Time-vertical displacement series and definition of wmessr and oummsar
for velocities (red line), taking as reference the period of observation (light blue band).
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DSM difference map (2021 October — 2023 July), cell resolution: 10x10 m
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Fig. 73 - (Multi-span RC bridge) DSM difference map for the surrounding area to the focused bridge,
subdivided in the three concentric subareas and distribution of PSs. Different colours were used for each
subarea and different colour tones were used for positive (< 0) and negative (> 0) displacements.

Using the moments of statistical distributions, specific JPD functions were created and,
assuming the linear LS function and the above-described normal distribution of R, both
8 indexes and PoE were estimated. Fig. 74 presents the above elaborations, for
MTInSAR data and UAV photogrammetry (with reference to the first subarea), by com-
paring the JPDs and the plane materializing the LS function. Values of PoE are reported
in the last row of Table 14. Comparing PoEymsar With POEyay 1, values of 2.75% and
33.21% were obtained, respectively, bringing to classify the case study into Scenario
1. Still, the values of PoEya, and PoEy s were estimated, and they were equal to
00.04% and 51.27%, respectively, suggesting monitoring the surrounding area, to
avoid possible future motions affecting the structure. The results obtained by the pro-
posed procedure were also confirmed by the visual on-site inspections, in which the
expert did not detect any subsidence problem on the base of the bridge.

138



Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

Table 14 - Statistical parameters of velocities obtained by MTInSAR data and UAV photogrammetry on
the bridge case study. Values of uyav, and oyav, are reported as already weighted for w,. The last row

reports the values of PoEymnsar and POEUAVJ, POEUAV’Z, POEUAV,;;.

MTInSAR data UAV photogrammetry

‘(‘g’r’ns/“;) 0.08 ‘(lrlrj:r:];y) 0.30 ‘(‘:f;;y) 2.28 ‘(‘:f;;y) 10.48

(“r”T”]’r’ns/";) 0.04 (“r::‘r:/y) 3.79 ?rllj:r‘:wz/y) 29.61 :’n“:rvnjy) 265.58
Wy 0.85 Wa 0.62 Ws 0.23

PoEwrin PoEyav, PoEyav, PoEyav,

%) WA 9,75 %) T 3321 % 250,04 % W 5107

MTInSAR data - Existing Bridge
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LS function
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Fig. 74 - JPD functions for MTInSAR data and UAV photogrammetry (z=1) statistical distributions for
the existing bridge, by fixing a linear LS function (see Section 2.2.1.3). The unsafe domain is placed at
the right of the red plane (i.e., LS function).

2.3. Conclusions

This Chapter presented a probabilistic-based approach to assess the occur-
rence of possible subsidence phenomena affecting existing structures and infrastruc-
tures. Usually, the occurrence of these phenomena is monitored by using specific sen-
sor-based systems or, alternatively, by engaging a domain expert to periodically ob-
serve the occurrence of ongoing phenomena. Both strategies could be time-consuming
and costly. Instead, to address this issue, the information provided by two of the most
attractive cost-effective technologies for structural risk monitoring: (a) Multi-Temporal
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interferometry via Synthetic Aperture Radar (MTInSAR) data; (b) Unmanned Aerial Ve-
hicle (UAV) photogrammetry. MTInSAR and UAV photogrammetry data in a predefined
observation period can be elaborated, in terms of vertical velocities, combined and
evaluated for structural risk assessment purpose. From the MTInSAR data point of view
(i.e., structure), Persistent Scatterers (PSs) displacement time series of high accuracy
are used. The projection of LoS displacements in the vertical direction is needed to-
gether with least square regression to obtain velocities. On the other side (i.e., structure
surroundings) Digital Surface Models (DSMs) obtained with UAV photogrammetry at
the beginning and at the end of the observation period are considered, although less
accurate, after excluding cells characterized by dense vegetation. This time, velocities
are retrieved dividing, for each cell, the height difference times the observation time
interval. Once velocities are obtained from both technologies, statistical analysis are
performed under two assumptions: (a) normal distribution of data; (b) displacements
recorded by UAV photogrammetry closer to the structure are more likely to influence it.
Then, statistical distributions of the spatiotemporal velocities are processed separately
and compared with a threshold value by means of a limit-state (LS) function. Perform-
ing this step for each technique, the probabilities of exceeding (PoE) the LS can be
computed, and the comparisons between those probabilities are framed within three
scenarios, which can suggest the occurrence of subsidence phenomena. The proposed
approach was firstly validated on the case study of Pomarico landslide, Southern Italy,
and then applied for the purpose of risk prediction on an existing bridge.

Although the proposed procedure does not provide a detailed quantitative measure of
a possible subsidence phenomena and its effect on a focused structure, which repre-
sents the main disadvantage of the approach, several advantages can be highlighted:
(a) the obtained results provide a qualitative information on the evolution of a geological
risk affecting the focused structure (i.e., subsidence); (b) the obtained results provide
a warning, which can be implemented in reliable structural risk mitigation plans in areas
prone to widespread terrain motions, accounting for geological risks and highlighting
the necessity (or not) of new detailed monitoring campaigns; (c) the entire process is
simple and economic (MTInSAR data could be free, as for the case of Sentinel-1
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constellation, while UAV surveys can be performed by using low-cost drones) and can
improve the current practices of on-site inspections, by ensuring continuous monitor-
ing for the existing built stock. Further developments will aim to improve the proposed
approach, by increasing the current accuracy of the employed survey techniques (e.g.,
by using new UAVs equipped with LIiDAR). Moreover, besides considering subsidence
effects, the use of a second acquisition geometry for MTINSAR data, elaborated with a
temporal sampling to achieve a homogeneous temporal baseline, is required to esti-
mate the other displacement component (i.e., horizontal), to overall assess landslide
risks on the existing built heritage.
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CHAPTER 3

AN ML-BASED FRAMEWORK FOR PREDICTING PRESTRESSING
FORCE REDUCTION IN REINFORCED CONCRETE BOX-GIRDER
BRIDGES

In Chapter 3, the focus of the study moves from large-scale portfolio to struc-
ture specific assessment. As pointed out in the introduction, bridges, especially aged
ones, are characterized by different types of degradation phenomena induced by exog-
enous actions as the combination between increasing traffic and dead loads, and the
environmental conditions (e.g., temperature, solar radiation, wind, rain). A common
problem for prestressed reinforced concrete (PSC) structures is the corrosion and
break of wires of tendons of the prestressing system reducing the bearing capacity of
the structure (Nettis et al. 2024). In literature there are several examples of Structural
Health Monitoring (SHM) sensor-based systems to monitor the prestressing system,
but with some limitations explained in this Chapter after a description of the PSC tech-
nique. Considering the cost-effective solution represented by strain-gauges sensors
and literature Machine Learning (ML) algorithms for regression analysis (described in
their principles) they are combined in a framework to predict prestressing force reduc-
tion in PSC bridges. The effectiveness of the methodology, based on the training of ML
algorithms on a sample dataset generated from a nonlinear modelling approach, is val-
idated on experimental tests performed on scaled PSC box bridge in the ICITECH labor-
atories of the Universitat Politécnica de Valéncia. Results are analysed through an eX-
plainability approach indicating new insights which could be used in the design of an
optimized sensor-based SHM for the most relevant structural parts.
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3.1. Prestressed reinforced concrete bridges

Post-tensioning is a technique widely used in existing bridges, through the use
of tensioned harmonic steel for wires and strands of tendons to generally mitigate the
effect of bending moment induced by external loads and the tensile stress in reinforced
concrete (RC) sections. This construction technique brings additional advantages such
as a high torsional stiffness (especially for curving bridges and for high eccentric
loads), the possibility to reduce the deck height while ensuring long spans and an hy-
perstatic scheme increasing the robustness of the infrastructure (Tyson, 2009). The
superstructure of this bridge typology is not only designed with T (Section 1.2.2.1) or
double-T beams (Section 1.2.2.2), but other shapes exist, such as the box-girder ones
(Fig. 75). Nevertheless, different issues characterize the assessment of this bridge ty-
pology. The first issue regards the onsite inspection of the box-girder, in which the
external surface can be directly surveyed as for other PSC bridges, while special in-
spections are required inside the box. This area is characterized by specific problems,
such as defects on the internal concrete surface, corrosion on the steel tendons, pres-
ence of water deriving from malfunctioning longitudinal joints (if present, Naito ef al.,
2010). Still, special inspections are not always possible, unless manholes are planned

Fig. 75 - Inside view of typical box-girder bridge (Ledesma and WSP USA, 2019).
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the design phase (Corven, 2015).The second issue consists of assessing the pre-
stressing force and the related reduction over time. Several studies investigated this
problem (e.g., Bazant et al., 2019; Chavez et al., 2024; Kim et al., 2023; Sconocchia
et al., 2024), showing objective difficulties in assessing its effective value on existing
bridges, due to time-dependent phenomena, environmental parameters, and the inter-
action among degradation processes (Yang et al., 2020). As pointed out by Huang et
al. (2018) and reported in building codes both concrete and harmonic steel used in
PSC structures are affected by long-term deformations. Concrete is subjected to vol-
ume changes due to shrinkage and creep, with different time rates. Shrinkage is influ-
enced by concrete curing conditions and affects the elastic modulus of concrete, while
creep is dependent on the stress level of the section and the bridge configuration during
construction phases. Strain increments induced by creep phenomenon must be con-
sidered for each different cross-section of the box-girder where geometrical character-
istics of the beam changes along its longitudinal development (e.g., the number of ten-
dons and section depth). On the other side, long-term relaxation of prestressing ten-
dons, when axially deformed by a tensile force (Tu et al., 2019), must be addressed
through proper analysis, involving constitutive material laws (e.g., viscoplastic consti-
tutive relation proposed by Bazant and Yu, 2012), environmental factors, and construc-
tion quality of the prestressing process (e.g., partial grouting Losanno et al., 2023a;
Losanno et al., 2023b). All the above phenomena reduce the initial prestressing force
applied to the tendons, and this reduction is estimated around 20% during an average
period of 50 years after the end of the bridge construction, as reported in Zia et al.
(1979). Phenomena characterizing the service life of bridges, such as corrosion can
still reduce both the mechanical properties (i.e., ultimate strength and ultimate strain)
and the cross-sectional area and mass of the steel strands (Franceschini et al., 2023),
leading in worst cases to wires rupture, which reduces the total prestressing force of
tendons at the anchorage and thus the bearing capacity of structural elements (Nettis
et al., 2024; Ministerio de Transportes Y Movilidad Sostenible, 2022).
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3.2. Monitoring of post-tensioning systems in existing bridges: from traditional
to ML-based approaches

Given the paramount importance of the prestressing system in PSC bridges
different SHM strategies are present in literature exploiting traditional and ML-based
approaches to monitor the prestressing force prestressing force of tendons and its re-
duction.

3.2.1. Traditional SHM approaches

A viable option to monitor the prestressing force reduction over time could be
the design and predisposition of a specific SHM system (e.qg., He et al., 2021; Sousa
et al., 2014), able to reveal the variation of the force level and simulate the current
service life of PSC bridges in a model updating process (Huang et al., 2018). Regarding
PSC box-girder, a third issue is the difficulty of setting up an effective SHM system, for
different technical reasons. Depending on the physical, chemical, and dynamic param-
eters of interest, specific sensors are required, and their number and position must be
evaluated case-by-case (Comisu et al., 2017). In addition, a large amount of data
should be stored and processed to ensure quasi-real-time monitoring (He et al., 2022).
Over time, several SHM approaches were proposed by scientific literature. Starting from
the most traditional approaches, Sousa et al. (2011), employed sensors to monitor
deterioration mechanisms over time of the Leziria Bridge. After providing some general
rules for designing the monitoring system, the authors evaluated the serviceability, the
reliability of the structure, and the remaining service life of the bridge in terms of dura-
bility, also accounting for the prestressing force level. Dall’Asta and Dezi (1996) ana-
lysed a class of PSC beams characterized by unbonded internal strands via vibration
method. Frequencies of the first vertical and horizontal bending vibration modes were
slightly modified by the variations of stress and profile of the strands, while a stronger
influence was observed for the first twisting vibration mode. Similar outcomes were
obtained in other studies (Abraham et al., 1995; Bonopera et al., 2018; De Angelis et
al., 2024; Hamed and Frostig, 2006; Limongelli et al., 2016) showing that vibration
methods were not effective in detecting prestressing losses, especially if other effects
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were not considered (e.g. concrete cracking, material degradation, and variation of en-
vironmental conditions). Another monitoring approach to detect prestressing force re-
duction was represented by impedance-based methods, in which load cells like piezo-
electric sensors are used to monitor the variation of prestressing force through the
electrical charge produced by mechanically stressing the tendons or the region where
are applied (Park et al., 2003). Although impedance-based methods showed good po-
tentialities (e.g., Rabelo et al., 2015; Huynh and Kim, 2014), several limitations were
identified, such as the strong sensitivity of the adopted device to temperature and diffi-
culties in reaching tendon anchorages for sensor application. Modern approaches are
represented by the strain-based method, which allows long-term monitoring of both
concrete and tendon strain. Different types of strain sensors can be used, such as in-
strand fiber Bragg gratings (FBG) sensors (Chen et al., 2017; Kim et al, 2015;
Mckeeman et al, 2015) and concrete strain sensors (Liu et a/, 2015; Jo et al., 2013).
Nevertheless, there are some limitations for existing bridges. In fact, in-strand FBG sen-
sors can be effective only if equipped in the construction phase. On the other hand,
concrete strain sensors can be placed in each desired section and in variable number
(e.g., bottom and top part of the section). These are more effective in the case of linear
strain distribution and a perfect bond between the prestressing strands and surrounding
concrete (Abdel-Jaber, 2017). In the case of unbonded strands, as occurs for PSC
box-girder bridges, it is not possible to establish a direct correlation between the strain
of strands and of concrete fibers around the strand. Another promising investigation
method proposed by Bonopera and Chang (2021) is based on static deflections under
three-point bending test. Following the vertical load application, the method estimates
the prestressing force by measuring the vertical deflection at a quarter or at the midspan
of the PSC girder-bridge. Interested readers can reference to Abdel-Jaber and Glisic
(2019) for a deeper discussion about methods used in the assessment of prestressing
force and the related reduction over time.

3.2.2. ML-based SHM approaches

In the last years, with the advent of new technologies, ML algorithms were often
employed in combination with different phases of bridge health management, such as
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visual inspections (e.g., Xiong et al, 2024; Wan et al, 2023), SHM (e.g., Mei ef al.,
2019; Sakiyama et al., 2022; Svendsen ef al., 2021) and risk assessment (e.g., Chen
etal., 2021, Mangalathu et al., 2018; Mo et al., 2023; Opabola and Mangalathu, 2022;
Soleimani and Liu, 2021). Scientific literature proposes some applications regarding
the combination of ML algorithms to SHM data for PSC girder bridge assessment. Dang
et al. (2023) presented a hybrid method relating Finite Element (FE) model and Artificial
Neural Networks (ANNSs) to assess strand relaxation in post-tensioned systems. ANNs
were trained with numerical strain datasets obtained by FE model and the method was
tested on a nine-strand anchorage, showing good potentialities for onsite implementa-
tion. Mariniello et al. (2021) used a FE model for damage simulation and data extrac-
tion, aimed at training a specific ANN to detect tendon malfunctions in PSC bridges.
The obtained results, compared with other ML algorithms like Random Forrest Regres-
sor (RFR) and Support Vector Regression (SVR), showed the higher suitability of ANN
model for the case studied. Kim and Park (2019) proposed an ANN trained on experi-
mental datasets to estimate the tensile stress on a 50-m real-scale PSC girder with
embedded elasto-magnetic sensors. Results suggested that the method could be a
good solution for supporting SHM in on field applications. Nguyen et al. (2022) em-
ployed a Convolutional Neural Network to automatically extract the optimal features of
damage from the raw impedance signals of piezoelectric sensors, demonstrating how
to successfully estimate the prestress-loss in a PSC girder.

This literature review about ML showed promising support in estimating the prestress-
ing losses of unbonded tendons and in indicating the best practices to design sensors-
based SHM systems. On this basis, this paper presents a new ML surrogate model,
able to predict the prestressing force reduction in PSC box-girder bridges characterized
by an unbonded post-tensioning system. In detail, the methodology described in Sec-
tion 3.3 is designed to predict the variation of the prestressing force (F;), starting from
its initial value (Fp) and other mechanical features at the time of onsite strain-sensors
installation (henceforth referred to as the time of the investigation, and herein indicate
as “initial state”). Three of the most common supervised regression ML algorithms
(i.e., ANN, RFR and SVR) are proposed as ML surrogate models of the structure. These
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algorithms were trained and tested over sample data generated with a nonlinear FE
modelling approach, while the ML surrogate model was selected based on proper sta-
tistical metrics. To address the proper design of a sensors-based SHM system, the
physical description of results is performed through an eXplainability approach, named
Shapley Additive exPlanation (SHAP), Lundberg and Lee, 2017. The effectiveness of
the framework and of the nonlinear FE modelling strategy was validated in Section 3.4
by the results derived by experimental tests on a scaled beam specimen made in the
ICITECH laboratories of the Universitat Politécnica de Valencia (ICITECH, 2024). ANN
was identified as the best ML surrogate model for this application task and the most
influent parameters on the prestressing force reduction were derived by the SHAP ap-
proach. From the obtained results, new insights were derived, which could be used in
the design of an optimized sensor-based SHM for the most relevant structural parts.
Finally, Section 3.5 draws the main conclusions of the study.

3.3. ML surrogate model: a framework proposal

The proposed ML surrogate model is based on a model-driven approach, ac-
counting for both physical and mathematical methods to establish the input-output re-
lationship. The output of the model is the estimation of the current prestress level F,
value, given some input variables: the prestressing force (F,) and the elastic modulus
of concrete (E;) at the time of onsite strain-sensors installation, and the values of strain
variations (ae®”) for different fibers (indicated with the superscript ?) of different sec-
tions of the girder, (indicated with the superscript ). It is worth specifying that input
quantities are referred to at the time in which the deformation sensors are installed, and
for this reason, the proposed model can predict the prestressing losses from that time
onwards. The adopted model is not aimed at estimating prestressing losses occurred
during the whole bridge lifetime, unless the bridge was not monitored and characterized
from the end of the construction phase. The general framework of the proposed proce-
dure is shown in Fig. 76, and all steps are detailed in the next Sections.
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Fig. 76 - Workflow of the proposed ML surrogate model.

3.3.1. FE modelling strategy

The first step of the proposed framework consists of defining a nonlinear FE
model of the structure, given: (i) geometry of the PSC box-girder bridge (i.e., length of
the spans, dimensions of the sections, position of the steel rebars and tendons in each
section); (i) information about prestressing force, i.e., value of F, and moment due to
the eccentricity of F, from geometric centre of each section; (iii) mechanical properties
of structural materials (i.e., concrete, harmonic and mild steel) and the related consti-
tutive laws. The choice of the type of numerical FE model represents a trade-off be-
tween accuracy and simplicity of the simulation. In fact, accurate models, as the ones
proposed by Hou et al. (2024) and Pérez-Sala and Ruiz-Teran (2023), can ensure
higher fidelity with the ground truth, but simpler models are desired when modelling
and analysing thousands of models, as occurs when defining a sample data for training
a ML model. If a detailed modelling strategy (e.g., micro-modelling through solid ele-
ments) was adopted it can also imply the characterization of other parameters not
herein considered, such as the variation of the density of the concrete along the bridge
development, or the effective stiffness of the supports. A good compromise ensuring
both simplicity and accuracy of the FE model consists of using frame elements, char-
acterized by correct boundary conditions (e.g., external restraints) accounting for both
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mechanical and geometrical nonlinearities. Given the different locations of unbonded
tendons over the longitudinal development of the PSC box-girder bridge, a diffused
plasticity approach is suggested, in which different sections are simulated through a
fiber approach. In addition, this modelling approach dealing with the necessity to cap-
ture the evolution of strains in fibers located in different sections (i.e., Ae™”), is suitable
for providing some insights about the design of effective SHM strategies. Obviously,
the numerical model should record the strain values induced on the sections, /, and
fibers j, subjected to sensor-based monitoring. It is worth noting that the numerical
simulation of a prestressed beam could also be processed through a linear (or nonlin-
ear) elastic model, considering the beneficial effects of the prestressing in reducing
cracking and crushing phenomena. On the other hand, a nonlinear modelling approach
was preferred, in this study, to account for low cracking and for extreme situations
(e.g., low prestressing force values) in data generation and for geometric nonlinearities.
Regarding the typology of plasticity to implement in the FE model, a deformation-con-
trolled PMM plasticity is suggested, which allows accounting for the presence of axial
load due to prestressing (i.e., P) and the bi-directional bending in both main section
axis (i.e., MM). To model the prestressing loading induced by the unbonded post-ten-
sion system, an axial force can be applied in the centroid of the considered section
together with proper bending moments attributed to the identified sections to simulate
the position of the tendons (Noble, 2015) (i.e., external sections and intermediate ones
considered in the diffused plasticity). From a mechanical point of view, the stress in-
duced on each tendon by the prestressing force reduces yielding and ultimate stress
of the steel material available for additional external loads (i.e., traffic loads). Thus,
these mechanical properties are reduced by a quantity equal to the prestressing force
times the cross area of the tendons. Concerning the mechanical nonlinearities, each
fiber should be modelled in elastic and post-elastic fields, by assigning a proper con-
stitutive law for each material typology. About this aspect, the selection of the consti-
tutive laws depends on the analyst’s preference and on the adopted software. As more
practical options (and according to the authors’ selection), the Mander model, as re-
ported in the reference building code (Eurocode 2, 2004) , can be used as concrete
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constitutive law for concrete fibers, while steel reinforcements can be simulated
through a perfectly elastoplastic model.

According to the above-reported modelling strategy, some considerations can be pro-
vided. First, the definition of a nonlinear numerical model allows the reduction of the
number of input parameters in the proposed ML model. Indeed, running several anal-
yses under different prestressing load conditions (i.e., Fy) can provide the necessary
output values to be used in the ML model (i.e., Ae"”), which accounts for the nonlinear
nature of the investigated problem. Second, the proposed numerical model could be
considered as simplified (e.g., simulation of the unbonded strands as external and
punctual actions). If on one hand, this could represent a formal limitation of the pro-
posed modelling strategy, on the other hand, this strongly lightens the computational
time of analysis increasing the number of simulations for providing a consistent dataset
for ML model training and test. For any cases, the quality of the model can be always
assessed and validated towards experimental results (as done in the present study and
as later shown). Finally, a clear simplification is hidden in the proposed model, because
the physical variation of F, to F; could be due to other effects (e.g., material degradation
and environmental effects), which were simulated in the proposed model only by ac-
counting for the variation of E.. However, the aim of the proposed ML model is exactly
that of avoiding complex simulations while predicting overall prestressing load effects
through a simple and effective tool.

On this basis, the first step for model generation is to define E., F, and a fixed external
load to compute strain increments Ae.q™ due to the application of fixed external load
itself while the considered prestressing force is constant. To this scope, the analysis is
divided into two steps: (a) application of self-weight load (e.g., dead), F, and related
sectional moments; (b) application of the external load on the deformed configuration
attained at the end of step (a). In both steps, geometric nonlinearities (i.e., P-4) are
considered, solving then the equilibrium equations in the deformed configuration of the
structure. According to this approach, the output of the analysis is the strain increment
Aemoqe™, Which for the / generic fiber of the ™ section can be computed as follows:

ASmodel(i'j) = g(b)(i'j) - g(a)(i'j) (42)
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where e and 4" are the absolute strain values of step (a) and step (b), respec-
tively. The difference between g4, and " is required because strain values of the
numerical FE model are absolute, and experimental strain measures are relative to the
time in which they started measuring (after the application of the other loads).

3.3.2. Data generation

To consider the uncertainties related to input values F, and E,, different strate-
gies could be used. If available, literature-based continuous distributions could be
adopted (e.g., normal, lognormal) and sampling techniques could be used (e.g., see
Nettis et al., 2024), while in the case of missing information, a range of values can be
accounted for by considering uniform distributions (Nettis ef al., 2023b). The values to
consider should be characterized by physical sense, to characterize a likely sample
data for training and testing the ML algorithm. Starting from a generic value of F,, de-
fined as “initial state” (i.e., at the time of onsite strain-sensors installation), the results
of the analyses given a fixed external load can be stored, Agm.™, with the aim to
compute the strain increments As®. The values of this latter at different sections are
calculated under the initial assumption that F; = F,, simulating the case in which no
prestressing force reduction occurs. Hence, values of A<™, which is the input of the
ML algorithms, can be computed as:

AW = Agy W) — pep O (43)

where Aer, " is Agnoe derived by Equation (42) under a Fy value, and Ae™ is equal

to 0 for each /” fiber of each / section of the model. After defining the “initial state”, F,
is then reduced up to a desired percentage value, with the aim of defining different
prestressing force reduction £;. The maximum reduction rate of F, should be calibrated
case-by-case, considering the demand to capacity ratio of the structure (Nettis et al.,
2024). In the end, it is worth specifying that to efficiently use the proposed method in
practical applications, the input parameters at the “initial state” are needed. To this
scope, onsite tests are required, both destructive (concrete specimens for assessing
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E.) and non-destructive (strain monitoring and saw-cuts tests for assessing F,, Bagge
etal., 2017).

3.3.3. ML surrogate model

Once data are simulated, a ML model can be trained to find the best relation
between the input vector of Fy, E,, and A<™, and the output value, F,. Obviously, differ-
ent viable options can be employed, according to the available ML algorithms in the
literature. This Section presents a description of the selected candidates for defining
the proposed ML surrogate model, aiming at solving a regression problem in a super-
vised learning approach. Generally, in supervised learning approaches, the ML algo-
rithms use labelled datasets to train the predict outcomes. The dataset generated in the
previous step can be then used to train/test/validate a ML algorithm. Three main ML
algorithms were adopted in this study, that is, ANN, RFR, and SVR, as detailed de-
scribed in the next Subsections. ANN was selected for its ability to generalize problems,
even though it presents many hyperparameters to be tuned. RFR is robust against over-
fitting and is simpler to set, given a smaller number of overall hyperparameters. SVR is
a sort of compromise between ANN and RFR, because it is robust against overfitting
but, at the same time, challenging in hyperparameter tuning (Mariniello et al., 2021).

3.3.3.1. Artificial Neural Network (ANN)

ANN is a computational model inspired by how the human brain works, and it
is used for tasks such as pattern recognition, data classification, and predictive analyt-
ics. A typical ANN, shown in Fig. 77, is characterized by layers, and for each layer, one
or more nodes (neurons) can be observed. The input and output layers are character-
ized by a number of neurons equal to the input and output values, respectively, while
between these extreme layers, one or more hidden layers can be involved, able to per-
form the intermediate calculations and establish the input-output relationship. All nodes
of each layer are connected to all the nodes of the subsequent layer, and for each
connection, a specific weight is assigned. The special feature of ANN is the activation
function, ¢y, which transforms the output of the neuron, a,, toward the next layer by
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Input layer Hidden layer Output layer

Fig. 77 - Example of ANN architecture.

inserting nonlinearities into the problem. From the mathematical point of view, the sim-
ple ANN reported in Fig. 77 presents an input layer made by 3 neurons, which can be
written as a column vector, [X] € R™ (with n equal to 3) with x, € [X]. The numerical
value input for the ¢™ neuron of the hidden layer, a,, is equal to:

ay = wNL (Z (Wv ) xv) + bu> (4‘4)
v=1

where w, is the weight associated to x, and w, € [W,], [W;] € R™, b, € R is the bias
associated with the activation of the neuron, and ¢, is a nonlinear function that com-
putes the output of the neuron based on the passed values. In matrix form, considering
all the m neurons in the hidden layer, the ANN can be written as:

[A] =¥(W]- [X] + [B]) (45)

where [W] € R™ (m is the number of neurons in the hidden layer), [B] € R™ and [A]
€ R™™. To proceed to the output layer, each a, value of [A] matrix is weighted again
via another weight matrix, [W.] € R™". In the end, the output value of the ANN, y,
according to the input vector [X], is equal to:

y = W] - (W] [X] + [B]) (46)
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Regarding the activation function, several possibilities exist depending on the specific
application (e.g., Sigmoid, Tanh, ReLU) and the considered layer (also the output layer
can be characterized by the function ¢y,). In the end, is worth highlighting that the
performance of the ANN is evaluated through a loss function, selected on the base of
the type of application (see Section 3.3.4).

The definition of a good ANN model consists of iteratively reducing the value of the loss
function by updating the weights and bias values through an optimization algorithm
(e.g., Gradient descent, Stochastic Gradient Descent, Adam). The use of ANN is justi-
fied for the ability of this model to generalize problems (for the case at hand, an ANN
with 2 hidden layers was selected Pérez-Sala and Ruiz-Teran, 2023), even though
many hyperparameters should be tuned, such as training epochs and batch size. Train-
ing epochs represent the number of epochs to train a model, in which an epoch is
defined as an iteration over the sample of provided data. The batch size is the number
of samples per batch of computation. Higher values of the above hyperparameters re-
quire higher computational resources. To determine optimal hyperparameters (number
of neurons and their activation function in hidden layers, optimization algorithm, and
number of epochs) for assuring the best performance of the model and for avoiding
overfitting problems, the grid search approach with 10 k-fold cross-validation can be
implemented, to assess a wide array of hyperparameters (Dang et al., 2023; Wang et
al., 2023).

3.3.3.2. Random Forrest Regressor (RFR)

Random Forrest algorithms, first proposed by Breiman (2001), are ensemble
learning methods designed for both regression and classification tasks and they pre-
sent some differences if compared to ANNs. Generally, they are characterized by a
limited number of hyperparameters and allow to management of different types of input
features (e.g., both numerical and categorical), with higher efficiency even on small
datasets. An extension of Random Forrest algorithms is RFR, typically applied for clas-
sification problems and useful for predicting numerical output. RFR is a meta estimator
that employs different Decision Tree (DT) regressors (see Fig. 78a) on various sub-
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Fig. 78 - Example of: (a) Decision Tree, and (b) Random Forrest Regressor architecture.

samples of the dataset and uses averages to improve the predictive accuracy and con-
trol overfitting (Hastie et al., 2009). A typical scheme of RFR is reported in Fig. 78b. A
DT is a nonparametric regression approach, which generates a tree-like graph com-
posed by a root node, internal nodes and leaves. The root-node contains the sub-sam-
ple of data, the internal nodes represent the points in which the dataset is split based
on certain features and criteria, while leaves (or terminal nodes) are the points reporting
final output values for the predictions. Two main steps are performed to build a DT: (a)
subdividing the training space in v distinct and nonoverlapping regions R,; (b) perform
the prediction, assuming that it is equal for each observation falling in the R, region.
Region R, is determined through an iterative process (recursive binary splitting) that
minimizes a loss function (e.g., Root Mean Squared Error, RMSE). This operation is
performed in internal nodes, until no further subdivision is performed. The parameter
used by DT to establish if a further subdivision is needed or not is the minimum size
node, and it represents a hyperparameter. When a node exceeds the minimum size, it
can be defined as an internal node, otherwise, it is a leaf. This workflow is called top-
down strategy (Xu et al., 2005) and in this way, DT can make the prediction by following
the path from the root note to the leaves. From the mathematical point of view, the

output of the RFR, h

nt
W’

can be expressed by the following equation:
ne
e 1
hgp = —- Z hp, (x) 47)
ng T
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where hy(x) is the individual prediction of a tree, n,, for an input vector x. The variance
of the average of n, random variable, var, with a correlation coefficient p and standard
deviation o is expressed as:

2, 1-0
var = po“ + X (48)
ne

As for ANN, hyperparameter tuning including n;, maximum number of levels in each
decision tree, and minimum number of data points placed in a node before splitting is
required.

3.3.3.3. Support Vector Regression (SVR)

SVR, reported in Fig. 79, is a specific type of Support Vector Machine (generally
used for regression tasks through a binary classification algorithm formulated by
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Fig. 79 - Schematic representation of SVR.
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Vapnik, 2006), which is adequate for predicting continuous numerical values (Vapnik,
1998). SVR is built from training data, and it employs a regression function, 7, to map
training data as closely as possible to the numerical labels. For nonlinear regression
tasks, given a set of z training data 7syg, where Tevr = {(X, Vo) }e=1. Xm E R, Y € R
and a set of functions F with Z,,, set of parameters, where F = {f(x, a), Bpane € Zpar| [ :
R" >R}, the regression function can be expressed as:

fx,a) = .Bplane “@p(x)+b (49)

where ¢(x) is a nonlinear function to linearly map input space into a high-dimensional
feature space. If the error between predicted and real values is less than &, f can predict
y correctly. B, is the optimal separating hyperplane in SVR according to a minimiza-
tion function:

z
1 1
min=|lw?l[+ €1 Vexy.P) (50)
c=1

where V(x, y, f) is Vapnik’s e-insensitive loss function:

0 if If(x) —yl<e
IfG) =yl —eif If(x)—yl>e

which is employed to find a function that fits the current training data with a deviation
less than or equal to &, under these constraints:

{ﬁplane o) +b—y. <& +¢

vy, =| (51)

Ye = Bytane * 9(x) —b < & + ¢ (52)
$c:6c 20

The terms & and & are defined as slack variables, which denotes the excess deviation
in the upper and lower regions outside support vectors. The difference between predic-
tion and real values are constrained in a region defined by the e hyperparameter. Thus,
€ can be considered as a tolerance and only predictions characterized by a residual
greater than « are penalized. The data on and outside the e-boundary are called support
vectors. C is a positive constant that defines the degree of penalization when a training

error occurs. For large values of C, a complex model is obtained, able to avoid training
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errors with the risk of overfitting while, a small value of C leads to a model characterized
by low complexity with a tendency to insufficiently fit training data (Balfer and Bajorath,
2015; Rodriguez-Pérez and Bajorath, 2022). Hence, the tuning of the C hyperparameter
is critical for achieving a compromise between model accuracy and generalizability.
Finally, the kernel function is involved together with the method of Lagrange to express
the prediction function (e.g., radial basis kernel function). As for ANN and RFR, hy-
perparameter tuning is required starting from C, & and kernel.

3.3.4. Comparison of results and use of eXplainability

The selection of a specific algorithm among the ones reported in Section 3.3.3

for the definition of the proposed ML surrogate model depends on the higher prediction
accuracy provided by each proposal. It is worth also justifying the reasons for which
ANN, RFR, and SVR were selected as candidates for this scope. In fact, ANN was se-
lected for its ability to generalize problems, even though it presents many hyperparam-
eters to be tuned. RFR was selected because it is robust against overfitting and is sim-
pler to set, given a smaller number of overall hyperparameters. SVR is a sort of com-
promise between ANN and RFR, because it is robust again overfitting but at the same
time challenging in hyperparameter tuning (Mariniello et al., 2021).
The predictive accuracy of the models can be assessed through the definition of some
statistical metrics. Going into detail, different metrics can be defined, such as the co-
efficient of determination (R?), Mean Squared Error (MSE;), RMSE, Mean Signed Error
(MSE,) and Mean Absolute Error (MAE), which are all mathematically defined as fol-
lows:

an=1(ym - )_/m)z

RZ=1—
Y Om — He)?

(53)

14
1
MSEy == (i = ) (54)
p m=1
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4
1
MSE = JMSE, = |~ (ym = Fn)? (55)
pm:l
1 p
MSEy == " Gim = in) (56)
YA
m=1
1 p
MAE = > 1y = il (57)

m=1

where p is the number of data points, y,, is the experimental value, y,, is the predicted
value, u. is the average value of experimental values.

Generally, R? expresses the correlation among variables, and it is used to evaluate the
goodness of fit of a regression model. MSE, represent the mean of the distances be-
tween experimental and predicted regression model values, and it accounts for the sign
of the error. RMSE is the root of MSE; and presents the main advantage of having a
value in the same unit measure of the response variable (in this sense, RMSE is pre-
ferred to MSE; for its straightforward interpretability). While higher values of R? are
preferrable, the fitting is more accurate if lower values of RMSE are obtained. Regarding
the values of MSE,, it is not possible to define an optimal value, but a positive value
leads to underestimate the ground truth and vice versa. Finally, MAE provides a more
balanced representation of errors, considering the combination of positive and negative
errors in absolute value. This makes MAE a robust choice when the direction of errors
is not critical. For evaluating the algorithm to employ in the proposed ML surrogate
model, all the above metrics (i.e., loss functions) can be used, but for the case at hand,
the discriminant metrics for selecting the best model is the MSE.,. In fact, it is important
to distinguish between positive and negative errors, because a smaller value of F; is
conservative, reflecting then a positive value of the error. On the other hand, RMSE is
the best way to assess the accuracy of the model, because as above reported, it is an
overall metrics able to give an idea about the obtained output, in the same unit measure
of the output itself.
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Finally, given the nature of the proposed black-box models, a physical explanation of
ML surrogate model can provide additional insights into the prediction. To this scope,
eXplainability metrics could be exploited. Although different eXplainability techniques
are available in the literature, a viable option is a model-agnostic interpretable method,
such as SHapley Additive exPlanations (SHAP), Lundberg and Lee (2017). This latter
can be used to deeply investigate the structure of ML models by analysing the relation-
ship between the input variables and output of the model (called SHAP value). SHAP
uses cooperative game theory to allocate credit for a model output among its input
features. The idea is to consider each feature as a player and the dataset as a team.
The players give their contribution to the result of the team. The influence of a feature
is dependent on the complete set of features in the dataset and not on only a single
feature. Thus, SHAP retrains the model overall feature combinations accounting for the
feature under consideration, by calculating SHAP value using combinatorial calculus.
The significance of a feature can be determined by estimating the average absolute
value, which is compared with a target variable.

_ 15wl (INal = ISyl = D
ACOED W T [8-(S U o)) = 8.(Sw)] (58)

Equation (58) describes mathematically the SHAP value, y,, of the input feature 0. & is
the trained ML model, r is a generic record of the sample data, N, and Sy is a subset
of N, that does not include o. The two terms under the summation sign express the
weighting function for the impact on each subset of features S, and the impact of re-
moving the feature o, respectively.

For the case at hand, the importance of SHAP application is dual: (i) SHAP can highlight
which parameters require an accurate evaluation because they present a higher impact
on the output values; and (i) SHAP can indicate the best combination of fibres and
section to monitor based on significance of features, in order to reduce the cost of the
sensors-based system to design.
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3.4. Experimental tests on a scaled PSC box bridge and results

The framework described in Section 3.3 was applied to an experimental case study,
and the steps performed are summarized in Fig. 80.

4 I

Experimental tests

Foand 4 phases (from “undamaged” to
“high-damaged”)

Four-point
bending test
\éﬂgﬁon of LVDTs Concrete strain-
measures sensgrs

nonlinear FE model ]
- ML surrogate model
[ Fy simulation ]~—>[ Fy prediction ]—»[ eXplainability ]
J
N
SHM strategy

Sample data generatlon

[ 1
[Ecl[ I
[ )
(e )

A 4

Strain measures

ML surrogate model

Fig. 80 - ML-based framework application on an experimental case.

3.4.1. Description of the specimen

The considered specimen was a scaled PSC box bridge tested in the ICITECH
laboratory of the Universitat Politécnica de Valéncia (ICITECH, 2024). The use of a
scaled model is justified by the necessity to simulate the prestressing loss in a con-
trolled environment, besides the impossibility to create a real dimension specimen in
laboratory or to produce controlled damage in a real bridge under service. At the same
time, the investigation of one (or more) full-scale specimen would allow the generation
of more reliable data in the next steps of the work. The specimen, shown in Fig. 81, is
geometrically defined as a box-girder having length, L, equal to 6 m, supported by two
hinged and a hinged-roller supports (see Fig. 81, right and left respectively). At both
beam ends, the box section is solid for a length of 0.40 m (Fig. 81d), while in the middle
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the box section is lightened by expanded polystyrene (Fig. 81c). During the construction
phase, three polyvinyl chloride tubes, diameter of 24 mm, were placed in the bottom
part of the section, to subsequently insert unbonded prestressing bars. Given the use
of a scaled model, it was not possible to reproduce a prestressing system like the one
employed in real bridges, but tendons were simulated by three steel bars with 20 mm
of diameter. The bars, 45 days after concrete casting, were placed into the housing and
were anchored through bolts with steel plates interposed to the end faces of the beam
after stringing operations, as shown in Fig. 82. Regarding construction materials, the
concrete class used was C30/37 (according to Eurocode 2 [65]) with aggregates hav-
ing maximum size of 20 mm, while steel used for both mild and prestressing reinforce-
ment was B500C [65]. Mechanical properties of the concrete, compressive and tensile
strength and Ec, were evaluated through tests on nine cubic specimens collected be-
fore casting the main specimen. Regarding concrete curing, both concrete specimen
types were subjected to pouring water for the first three days after casting and, before
performing mechanical tests, no shrinkage cracks were detected. The mechanical
properties of concrete were evaluated 45 days after concrete casting, rather than 28
days as usual in the practice, to provide a representative description of the mechanical
features of the specimen during the Four-point bending tests, which were carried out
on the same day of the stringing operation of prestressing bars. On the other hand, the
mechanical properties of the steel were assumed equal to the ones declared by the
manufacturer (i.e., see mechanical properties of B500C steel, as reported in the Euro-
code 2, 2004, with yielding and ultimate strength equal to 500 and 620 MPa, respec-
tively, and ductility factor equal to 1.24). Test results of concrete tests are summarized
in Table 15.

After defining the specimen, the beam was instrumented for two main reasons: (i) to
calibrate a nonlinear FE model; (ii) to record strain measurements while simulating pre-
stressing losses. Regarding the adopted monitoring system, several sensors were in-
stalled as shown in Fig. 83: (i) ten linear variable displacement transducer (LVDTS)
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Fig. 81 - Geometry of lab-tested scaled PSC box bridge: (a) Top view, (b) Longitudinal section A-A’, (c)
Hollow cross-section B-B’, (d) Solid cross-section G-C’.

=

Fig. 82 - View of anchorages of prestressing bar on (a) fixed and (b) mobile support.
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Table 15 - Results of mechanical tests through Ibertest universal machine, on nine concrete cylinders,
three investigated after 14 days and three investigated after 45 days.

Compressive strength Tensile strength Elastic modulus E,
[MPa] [MPa] [MPa]

14 days 45 days 45 days 45 days
29.86 34.99 2.35 39464
29.28 31.34 3.01 36741

Discarded value 3212 2.93 32412

were placed along the longitudinal development of the beam, one for each meter start-
ing from the mobile support and considering both left and right side of the section, to
measure the vertical displacements (Fig. 83Db); (i) twenty-one embedded strain gauges
to monitor concrete deformations, subdivided among five placed on lower part of the
section at two different cross-sections, glued to the bottom rebars and located at the
middle, at a quarter of the span length (L/4 and L/2, which is 1.5 m and 3 m from the
hinged support, respectively), and at mobile support, for a total of fifteen sensors (Fig.
83c); and three placed on each side of every prestressing steel bar to measure defor-
mations and to derive both axial stress and prestressing force during stringing opera-
tions and investigation phases (i.e., Four-point bending test), for a total of six sensors
(Fig. 83d). Although strain sensors are usually placed on the bottom and upper fibers
of the same section, the selected location of the sensors was an engineering choice
since, for the type of loading, the main strain increments were expected in the consid-
ered positions. In addition, a FBG sensor was placed for the entire length of the bridge,
in the same vertical position of strain sensors and in the upper face to provide strain
increments on top fibers. According to the definition of the specimen, the value of pre-
stressing force applied to each bar was equal to 110 kN (and then, F, was equal to 330
kN), which resulted in a stress on each bar equal to 350 MPa. The final value of £, also
included the instantaneous prestressing losses due to the elastic deformation of the
concrete induced by the sequential strand stringing. It is worth noting that due to the
application of the prestressing force and the performance of the entire experimental

166



Cost-effective monitoring of structural risk of bridges supported by cutting-edge technologies

@ & i i e
© L : L
1.50 150
(b) © LVDT Vertical displacement
0.18: 1L-1R 2L-2R 3L-3R 4L-4R 5L-5R
1.00 1.00 1.00 1.00 1.00 1.00

e Strain gauges on passive rebars for bottom fibers
(c) e FBGs for upper fibers
N

| g

N Q r -\ © ° ] ® 0
0.06 | W o
N A A
A

0.05

Section B-B'

(d) o Strain gauges on prestressing bar

Section C-C'

Fig. 83 - Position of installed sensors: (a) Top view, (b) Longitudinal view on left side, (c) Hollow cross-
section B-B’, (d) Solid cross-section C-C’.

campaign on the same day (i.e., the 45™ day after the concrete casting), the early-age
phenomena due to relaxation of the tendons and creep can be considered negligible.
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3.4.2. Experimental setup and test

The laboratory tests were designed to assess the effects of prestressing variation due
to the loss of functionality of steel strands on the box beam deformations through strain
gauges. To this scope, the experimental campaign was subdivided into four phases:
Phase 1, also named “undamaged”, in which the beam was loaded in its initial state;
Phase 2, also named “low-damaged”, in which the prestressing loss was simulated by
removing one of the three bars and the same loading was performed again; Phase 3,
also named “moderate-damaged”, in which the prestressing loss was simulated by
removing an additional bar (two of the three bars are removed) and the same loading
was performed again; Phase 4, also named “high-damaged”, in which the loss of the
whole prestressing force was simulated by the removal of the three post-tensioning
bars and the same loading protocol was performed. For all cases, the loading was
applied through a Four-point bending test in which the maximum applied load was set
to 140 kN for Phases 1, 2, 3 and 4, although the test continued until failure in Phase 4,
reaching a final value of load equal to 210 kN. The setup of the tests can be observed
in Fig. 84, while schematic test configuration in terms of geometry and loading steps
is shown in Fig. 85. In Fig. 86, the end sections in the four considered Phases are
shown, with the progressive removal of the prestressing bars. The loading and the test
were designed to ensure a quasi-elastic behaviour of the specimen from Phase 1 “un-
damaged” to Phase 3 “damaged”, where also damage was incremental to avoid a sig-
nificant effect of one test on the subsequent one. In addition, over the first three phases,
the specimen did not exhibit either vertical cracks in the middle due to bending moment
or residual displacements due to plastic deformation of materials. The absence of re-
sidual plastic deformation was verified by comparing sensor measurements at the be-
ginning and at the end of the loading-unloading protocol of each phase, not observing
differences in terms of deformation. Effects like creep, shrinkage, and strand relaxation
were not considered, for the reasons reported in Section 3.3.1 (the application of the
prestressing force and the entire experimental campaign were performed on the same
day, minimizing the effects of early-age phenomena). In addition, considering the
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Fig. 84 - Set up of the four-point bending test.
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Fig. 85 - Four-point bending test: (from left to right) configuration (F/2 indicates half of the total force
applied in those positions) and loading protocol of Phase 1.
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Fig. 86 - End section of the Box-Girder specimen, observed at Phase 1 (a), Phase 2 (b), Phase 3 (c)
and Phase 4 (d).

3.4.3. Definition and calibration of the FE model

Having at disposal the data about experimental tests, a nonlinear numerical FE
model of the specimen was carried out, by calibrating to the numerical output on the
vertical displacements measured with LVDT sensors. The bridge was simulated
through the SAP2000 structural software, v.25 (Computer and Structures, Inc, 2024),
by using frame elements. The girder was divided in five frame elements of different
length. The two external frames, indicated with grey elements in Fig. 87a , were char-
acterized by a solid cross-section, Fig. 81c¢ and Fig. 87b, with a length 0.40 m. The
three central frames, indicated with blue elements in Fig. 87a, were characterized by a
hollow cross-section, Fig. 81d and Fig. 87c, with different lengths of 1.85 m, 1.50 m,
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Fig. 87 - FE model in SAP2000: (a) frame elements of the FE model with plastic hinges (orange dots);
(b) solid cross-section fiber definition; (c) hollow cross-section fiber definition.

and 1.85 m, respectively. The subdivision of the central part was set to simulate the
position of the vertical loads of the Four-point bending test. External restraints were
assigned to the external frames to simulate supports with proper degrees of freedom
(i.e. one hinge and one hinged-roller supports).
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Regarding the load applications, as schematically reported in Fig. 85 left, the loads
were applied at a 2.25 m distance from the supports. Still, considering the frame a one-
dimensional element, the vertical load condition of the four-point test was modelled by
two vertical forces, whose values were half of the experimental load (i.e., 70 kN for 140
kN load step of Phase 1 “undamaged”). The axial load of the prestressing system was
applied on both the sides of the beam (110 kN for each bar depending on the phase
under investigation), accounting for bending moments (Noble ef al., 2016) due to the
eccentricity with respect to the centroid of the section (red local reference system in
Fig. 87c), indicated with M, and M, around X and Y axes, respectively (see green refer-
ence system in Fig. 87c). Indeed, the prestressing bars were placed at a distance equal
to 0.19 m and 0.18 m from the centroid of the section in the Y direction (green reference
system in Fig. 87c¢) for hollow and solid section, respectively. Given the different posi-
tion of the centroid for the two sections, an additional bending moment was considered
at the end of frames with hollow cross-section in the FE model. Moreover, when sim-
ulating Phase 2 “low-damaged” and Phase 3 “moderate-damaged”, the absence of one
or more prestressing bars generated an additional bending moment around the Y axis,
which was applied only at the end of frames with solid section (considering that the
centroid of the two sections differed only in the Y direction).

Concerning the nonlinear modelling, the diffused plasticity strategy mentioned in Sec-
tion 3.3.1 regarded the number and distribution of plastic hinges in the beam (PMM
type due to the interaction of prestressing force and bending moments). The behaviour
of the plastic hinges was defined by the software considering the section, fibers and
mechanical properties of materials. Solid and hollow cross-sections were divided as
10 fibers in X direction and 30 in the Y direction (see Fig. 87c) for a total number of
235 and 207 fibers, respectively. The selected number of fibers was fixed according to
two main considerations: (a) the differences in terms of strain, obtained with a model
characterized by a higher number of fibers than the current model were lower than 5%;
(b) the discretization in fibers was set to match the position of strain gauges. Thus,
plastic hinges were placed at girder mid-length (i.e., at 3.0 m) and at a distance equal
to 1.5 m from hinged support for the hollow section, and at the end of the beam for the
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solid section near the hinged support. The analysis on the FE model was subdivided
into two steps: (i) application of external forces due to the prestressing system (i.e.,
axial loads and bending moments); (ii) application of Four-point bending test load in a
force-controlled approach on the geometric configuration of the step (i). Both analyses
considered geometrical nonlinearities (i.e., P-4).

The numerical calibration was performed by varying only one parameter, that is, the E,
value. To assess the accuracy of the numerical model, several comparisons between
numerical and experimental results were performed. Vertical displacements were com-
pared for each Phase using LVDT records on the left and right part of the box-girder.
As for example, Fig. 88 reports the comparison between experimental and numerical
results in the Phase 1 (i.e., “undamaged”) and in Phase 2 (i.e., “low-damaged”), both
for an intermediate load step of 60 kN, and for the last load step of 140 kN. As can be
observed, there is a total agreement between numerical and experimental results, with
low percentage differences both in the “undamaged” and “low-damaged” cases. Nu-
merical results can be also checked in Table 16, where the differences both in percent-
age values and in millimetres for the ten LVDTs placed on the beam are reported. In
detail, the experimental vertical displacements are higher than the numerical ones on
average by 1.4% and 0.8% in Phase 1 (“undamaged”) and Phase 2 (“low-damaged”),
respectively, for a load step of 60 kN, and on average by 1.2% and 0.7% on Phase 1
(“undamaged”) and Phase 2 (“low-damaged”), respectively, for a load step of 140 kN.
This is an important achievement since confirms and justifies the type of simplified
nonlinear numerical model used for the next steps. The same conclusion can be drawn
by comparing experimental and numerical values of stress levels of prestressing bars
during Phase 1, Phase 2, and Phase 3. Stress values were derived from strain
measures and were equal to 429 MPa, 459 MPa and 493 MPa for Phase 1 “undam-
aged”, Phase 2 “low-damaged”, and Phase 3 “moderate-damaged”, respectively (con-
sidering an initial stress value of 350 MPa at the bar stringing). During Phase 4 “high-
damaged”, stress values were available only for mild reinforcements, which were be-
yond the yielding tensile strength of steel, i.e., 500 MPa. The above values were
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Fig. 88 - Comparison between numerical (step (i) SAP2000) and experimental (Phase 1 “undamaged”
and Phase 2 “low-damaged” LVDT) vertical displacement values for 60 kN (a — b) and 140 kN (c — d)
steps. All the values are expressed in millimetres; therefore, all vertical deformed shapes are in 1000:1
scale with respect to beam length.

assessed also in the FE model, and a good agreement in terms of stress was observed,
with a percentage difference of 2% on average.

Looking at the results in Fig. 88, it is worth noting that the values obtained by the nu-
merical FE model are equal on the left and right sides, considering that the structure
was modelled as a frame element. In addition, the calibration performed with a “trial-
and-error” approach showed that the value of £, was equal to 38150 MPa, which is in
good agreement with experimental data reported in Table 16 (5% of difference with the
average value of the three concrete cylindric specimens after 45 days, equal to 36200
MPa). The higher value of the calibrated E. is balanced by the assumption of perfect
external restraints, which in the FE model ensure null rotational stiffness. The balance
between the ideal boundary conditions (FE model should experience higher
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deformations) and different mechanical properties (FE model should experience lower
deformations) provided a deformation for the FE model comprised between the LVDT
measurements on both sides of the beam, as shown in Fig. 88.

Table 16 - Comparison between numerical (step (ii) SAP2000) and experimental (Phase 1-undamaged
and Phase 2-low-damaged LVDT) vertical displacement values for 60 kN and 140 kN steps.

Applied LVDT Lab-test SAP2000 Difference Difference
Phase F [kN]
load [kN] ID [mm] [mm] [mm] [%]

1L -2.576 -2.667 0.091 -3.53%
1R -2.755 -2.667 -0.088 3.19%
2L -4.844 -4.871 0.027 -0.56%
2R -5.303 -4.871 -0.432 8.15%
3L -5.639 -5.747 0.108 -1.92%

1 60 330
3R -5.964 -5.747 -0.217 3.64%
4L -5.018 -4.902 -0.116 2.31%
4R -5.043 -4.902 -0.141 2.80%
5L -2.665 -2.681 0.016 -0.60%
5R -2.694 -2.681 -0.013 0.48%
1L -6.180 -6.215 0.035 -0.57%
1R -6.609 -6.215 -0.394 5.96%
2L -10.835 -11.351 0.516 -4.76%
2R -11.862 -11.351 -0.511 4.31%

1 140 230 3L -13.165 -13.392 0.227 -1.72%
3R -13.925 -13.392 -0.533 3.83%
4 -11.498 -11.423 -0.075 0.65%
4R -11.554 -11.423 -0.131 1.13%
5L -6.191 -6.248 0.057 -0.92%
5R -6.259 -6.248 -0.011 0.18%
1L -3.548 -3.605 0.057 -1.61%
1R -3.685 -3.605 -0.080 2.17%
2L -6.840 -6.523 -0.317 4.63%
2R -7.064 -6.523 -0.541 7.66%

) 60 220 3L -7.667 -7.639 -0.028 0.37%
3R -7.795 -7.639 -0.156 2.00%
4L -6.634 -6.566 -0.068 1.03%
4R -6.634 -6.566 -0.068 1.03%
5L -3.530 -3.605 0.075 -2.12%
5R -3.487 -3.605 0.118 -3.38%
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Applied LVDT Lab-test SAP2000 Difference Difference
Phase F [kN] 0

load [kN] ID [mm] [mm] [mm] [%]
1L -8.514 -8.413 -0.101 1.19%
1R -8.840 -8.413 -0.427 4.83%
2L -15.366 -15.227 -0.139 0.90%
2R -15.867 -15.227 -0.640 4.03%
3L -17.923 -17.786 -0.137 0.76%

2 140 220

3R -18.233 -17.786 -0.447 2.45%
4L -15.230 -15.298 0.068 -0.45%
4R -15.198 -15.298 0.100 -0.66%
5L -8.204 -8.402 0.198 -2.41%
5R -8.129 -8.402 0.273 -3.36%

3.4.4. Sample data generation

Given the calibrated nonlinear numerical FE model, new data were generated
by varying some parameters in a schematic way. To this scope, SAP2000 OpenAPI
was used, and, through Python programming language (Python Software Foundation,
2024) , several numerical FE models were created and analysed. The first varied pa-
rameter was E,, which was randomly changed between 30000 MPa and 40000 MPa
for 129 times (this interval of variation is justified later in this Section). After, consider-
ing the necessity to simulate the prestressing losses and the presence of three un-
bonded steel strands, a first hypothesis was fixed, that is, each bar was equivalent to
a classical tendon made by three 7-wire strands to be able to progressively simulate
the loss of a small percentage of post-tensioning. According to this assumption, the
variation from F, to F; was simulated by eliminating a progressive number of wires from
the three available unbonded steel strands, in order to define a progressive percentage
drop rate. With this regard, a minimum value of absolute percentage drop rate equal to
0% was assumed (initial state), while a maximum value of absolute percentage drop
rate equal to 40% was fixed. Obviously, higher values of percentage drop rate could be
considered but, according to the available literature (e.g., Nettis et al., 2024), a per-
centage drop rate of 20% already might lead to capacity-demand ratios lower than the
unity. Hence, the simulation of a prestressing loss of 40% can be assumed double an
acceptable physical limit. Besides, it is important to train the ML surrogate model for
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real situations and not towards extreme limits of damage that are physically admissible.
In addition, a percentage drop rate of 40% simulated a loss in F, assimilable to the 33%
obtained in the laboratory test by removing one of the three bars (i.e. the calibration
performed in this work is consistent for the creation of the ML surrogate models).

The logic behind the model generation aimed at defining different values of F, and F;,
to cover a large range of real applications. Let us define two values of percentage drop
rate: (a) initial percentage drop rate, which represents the initial prestressing loss im-
posed on F, to vary this value in the ML model; (b) final percentage drop rate, which
represents the final prestressing loss on F,that provide the value of F;. Assuming a
fixed value of £, and a value of F, with a declared initial percentage drop rate, a pro-
gressive removal of one wire for each strand was simulated (i.e., a numerical FE
model), until achieving a final percentage drop rate of 40%. For example, if the initial
drop rate is 0%, the model is characterized by three groups of three 7-wires strands,
each one containing 21 wires, and a final percentage drop rate of 40% can be achieved
when each group of three strands is characterized by 13 wires (i.e., 9 models). If the
initial drop rate is 10%, the model is characterized by three groups of strands, each one
containing 19 wires, and a final percentage drop rate of 40% can be achieved when
each group of three strands is characterized by 11 wires (i.e., 9 models). In this way,
for achieving a final percentage drop rate of 40%, the value of F, was updated for values
of initial percentage drop rate equal to 0% (from 21 wires to 13 wires), 10% (from 19
wires to 11 wires), 20% (from 17 wires to 10 wires), 30% (from 15 wires to 9 wires)
and 40% (from 13 wires to 8 wires), and the final number of models was equal to 39
(counting also the first case without first wire removal).

Combining the 39 models with 129 values of £, a total of 5031 models were generated
(the number of £, values was set to achieve more than 5000 models and, for each
model, six values of Ae® (for a total number of 30186 Ae,.qqi", taking the average
strain values of the / fiber in the / section) were extracted (according to the locations
of strain gauges and FBG sensors installed for the reference laboratory test). The gen-
erated sample of data was then used for calibrating the ML surrogate model. In litera-
ture, the size of the sample data varies and upscales as the complexity of the ML
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application raises. In this case, the size of sample data was set according to problems
of similar complexity, as shown in Parisi et al. 2022, which employed about 5000
models. Increasing the complexity of the problem, the size of sample data increases,
as for example shown by Parisi et al. 2024, which adopted about 15000 models for
training a graph neural network on a 2D truss-structure.

3.4.5. Definition of ML surrogate models and discussion of the obtained re-
sults

For each generated model, the analyses defined in Section 3.3.2 were per-

formed and results in terms of input (Fy, E, Ae™) and output (F,) parameters were
stored. Hence, the training of the ML surrogate models (i.e., using all above-defined
networks in Section 3.3.3) was performed through a machine equipped with a 11th Gen
Intel® Core ™ i9-11980 HK @ 2.6 GHz (8 CPUs), 32 GBs DDR4 of RAM, and NVIDIA
GeForce RTX 3080 GPU with 16 GBs. The sub-optimal values of hyperparameter tuning
employed in all models and obtained via grid search are reported in Table 17, while
training/test statistical metrics values are reported in Table 18.
As observed, the obtained results for all ML models provide a good accuracy with op-
timal values of the evaluation metrics, which justify the use of the proposed models. In
addition, although R? values for each ML surrogate model overcame 0.99 in both train-
ing/test phases (see Fig. 89), some differences can be highlighted for the other statis-
tical metrics in Table 18. MAE values were lower than other models for the ANN
(0.0016/0.0017), although the MAE obtained by RFR in the training phase (0.0058)
was close to that by ANN. As discussed in Section 3.3.4, MSE, and RMSE are the core
statistical metrics. Given that a positive value of MSE, leads to underestimations of the
output value, thus providing a conservative evaluation of £;, ANN is the only ML Surro-
gate model to achieve this requirement (0.00061/0.00064), while negative values were
obtained for RFR (0.0015/-0.0046) and SVR (-0.0014/-0.001). Still, ANN outperformed
SVR and RFR by considering RMSE (ANN: 0.0019/0.0021, RFR: 0.0938/0.03301,
SVR: 0.0255/0.0257), and MSE; (ANN: 4.12E-06/4.57E-06, RFR: 0.0088/0.1090,
SVR: 0.0006/0.0006) This result was expected given the ability of ANN to generalize
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Table 17 - Hyperparameter tuning for each ML algorithm.

Model Hyperparameter Value

Neurons in 15t hidden layer 64
Activation function of 1%t hidden layer ReLU

Neurons in 2" hidden layer 256

ANN Activation function of 2" hidden layer TanH
Optimizer Adam

Epochs 600

Loss function MSE;

Number of trees in the Forrest 100

RFR Maximum number of levels in each decision tree 10

Minimum number of samples required to be at a leaf node 6

C 0.2

SVR 3 0.05
Kernel Rbf

Table 18 - Evaluation metrics results for training and test dataset of each ML surrogate model.

Set Metric ANN RFR SVR
R? 0.9999 0.9999 0.9945
MAE 0.0016 0.0058 0.0216
Training MSE; 4.12E-06 0.0088 6.5E-04
RMSE 0.0019 0.0938 0.0255
MSE; 6.13E-04 1.53E-03 -1.42E-03
R? 0.9999 0.9999 0.9845
MAE 0.0017 0.0229 0.0213
Test MSE; 4 .57E-06 0.1090 6.5E-04
RMSE 0.0021 0.3301 0.0257
MSE; 6.44E-04 -4.58E-03 -1.00E-03
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Fig. 89 - ML surrogate models comparisons between predicted and expected value (F;) on training set
(top row) and test set (bottom row). Red dashed line shows R?.

problems. Using the RMSE to evaluate the capability of the model to predict prestress-
ing losses (same unit measure), the obtained value by using ANN represent a lower
bound in terms of prediction (i.e., the proposed model is able to predict low prestress-
ing losses, up to 1.9 N)

After defining the three ML models, the choice of the surrogate was performed by
checking the predictive capacity of each model toward the experimental tests. To this
scope, all models were applied to predict the experimental values obtained in Phase 2,
“low-damaged”, which was characterized by the removal of one bar over three, with a
Fo equal to 330 kN and a F; equal to 220 kN. The results are shown in Table 19, where
all models presented overall satisfying results. Nevertheless, the surrogate model made
by ANN confirmed the best accuracy, having a percentage difference in terms of F; of
0.3%. It is worth noting that also RFR presented very good results, with a percentage
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Table 19 - ML surrogate models F; calculated values on Phase 2 “low-damaged” measurements.

ML Surrogate model F1 calculated [kN] F1 experimental [kN] Difference [%]
ANN 219.43 220 0.3%
RFR 219.13 220 0.4%
SVR 209.78 220 4.6%

difference of 0.4% in terms of F;. It is worth noting that, although ANN presented high
accuracy (see hyperparameter tuning shown in Fig. 90) there was no evidence of over-
fitting problems. In fact, as performed in several existing papers (e.g., Mangalathu et
al., 2019) , by assessing the performance of the proposed ML model to the training
and test data, properly split, the overfitting problem can occur if the model performs
significantly better on the training set than the test set. To check this aspect, two main
controls were performed: (a) definition of k-fold cross-validation to evaluate the model
performance; and (b) comparison of the loss function between training and test da-
tasets. Regarding the k-fold cross-validation, a 10 k-fold subdivision was considered
and statistical metrics results for each fold are reported in Table 20, together with the
related mean and standard deviation (mean values for training set are the same reported
in Table 18 for ANN). Regarding the loss function, the MSE; metric was used, and the
results are shown in Fig. 91a for ANN. Loss function for training and test datasets were
similar, confirming the absence of overfitting for the proposed surrogate model. Still,
Fig. 91b reports the residues for the test dataset, to denote a normal-like distribution of
this quantity, which suggests that errors are random and not correlated. Finally, an
eXplainability approach was used on the proposed ML surrogate model to assess the
influence of each considered parameter on the simulated prestressing loss. It is worth
reminding that this step is important because it can provide some insights about the
most influent concrete strain values on the results, which in turn can suggest how to
design sensors-based systems aimed at monitoring the prestressing losses. With this
goal in mind, the SHAP method was employed through SHAP Python package, and the
results are shown in Fig. 92 and Fig. 93. In particular, Fig. 92 reports the summary
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Table 20 - ANN K-fold cross-validation metrics results on training and validation sets.

k-fold
1 2 3 4 5 6 7 8 9
R®  0.9999 0.9999 0.9999 0.9999 0.9999 0.9999 0.9999 0.9999 0.9999
MAE  0.0025 0.0022 0.0015 0.0019 0.0013 0.0016 0.0022 0.0012 0.0008
MSE, 8E-06 7E-06 3E-06 5E-06 3E-06 4E-06 7E-06 3E-06 1E-06
RMSE 0.0029 0.0025 0.0017 0.0022 0.0017 0.0019 0.0026 0.0017 0.0011
MSE, 2E-03 -2E-03 -3E-04 2E-03 -1E-03 -1E-03 2E-03 -7E-05 -1E-04
R®  0.9999 0.9999 0.9999 0.9999 0.9999 0.9999 0.9999 0.9999 0.9999
MAE  0.0026 0.0021 0.0016 0.0020 0.0014 0.0017 0.0022 0.0012 0.0009
MSE, 8E-06 6E-06 5E-06 5E-06 3E-06 4E-06 7E-06 3E-06 1E-06
RMSE 0.0029 0.0025 0.0023 0.0023 0.0018 0.0021 0.0026 0.0018 0.0012
MSE, 3E-03 -2E-03 -3E-04 -2E-03 1E-03 -1E-03 2E-03 -2E-04 -2E-04

Set Metric Avg.  Std.

10
0.9999
0.0008

1E-06

0.9999
0.0016
4E-06
0.0011 0.0019
-1E-04 6E-04
0.9999 0.9999
0.0009 0.0017
2E-06 4E-06
0.0014 0.0021
-1E-04 6E-04

4E-05
5E-04
2E-06
5E-04
1E-03
4E-05
5E-04
2E-06
5E-04
1E-03

Training

Validation

plot with input features in ordinate, ranked on the base of their influence on the results,
and in abscissa the value of the impact of each feature on the predictive capacity of the
model. A red color indicates increasing output value while a blue color denotes de-
creasing output value. As expected, the most influential value is F,. The second and the
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third influent parameters are the strain measures at the bottom fiber of the L/2 section,
Ag?totom) “and bottom fiber of L/4 section, Ae™* ™™ The density of the red color
changes when F, increases, from which it can be deduced that F; increases as F, in-
creases. On the contrary, an increment in A/ 2™ and Ag* botom correspond to an
F; decrease, and this is an important achievement, because the proposed model allows
characterizing the relation between strain in some specific points and loss of prestress-
ing force. Fig. 93 reports the SHAP dependence plot, aiming at interpreting the effects
of each feature and their interactions within the model. The plots provide a bi-dimen-
sional view showing the relationship between the value of a feature (abscissa) and its
SHAP value (ordinate), reporting then the contribution of each feature to the predictions.
The obtained magnitude of values on the ordinates for each input parameter confirms
the outcomes in Fig. 92, while abscissa values are reported in the normalized scale
used for ANN training. A negative trend in the graphs (e.g., Fig. 93d, Fig. 93f and Fig.
93h) implies that as the input value increases the output value, F;, decreases. Con-
versely a positive trend in the graph (e.g., Fig. 93b), as the input value increases the
output value, F;, increases. Hence, as Ag2 botom = pg(ti4, bottom) qpd A glsupport. bottom) jp_
crease, F; decreases. On the other hand, as F, increases, F; tends to increase. The
input variable that may have an interaction effect with the plotted feature is represented
in the colormap. If an interaction effect is present between two features, a distinct ver-
tical pattern of colouring is shown. Fig. 93b shows the impact on F, -related SHAP
value given the variation of A ®™ For F, values above 0.5, a reduction in Ae™*
botom) increases the SHAP value of £y, while for Fy values below 0.5, an increase in Ae™*
bottom) yalue decreases the SHAP value of Fy. This is physically true because lower strain
increments suggest a higher F; value, and thus a lower prestressing force reduction.
Conversely, Fig. 93f and Fig. 93h show that for input feature values Ag™? 2™ gnd
A botom) ahove 0.5, a decrement in £, reduces the SHAP value of the input feature.
For the same features, while their values are below 0.5, an increment in E, increases
the SHAP value. The mathematical relation proposed by the ANN is simple to capture,
because higher values of £, correspond to lower strain increments, and thus a lower
prestressing force reduction.
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From the obtained results, some considerations can be finally provided. The proposed
ANN-based surrogate model can be employed for the purpose of prestressing loss pre-
diction in PSC box-girder bridges, and the use of eXplainability revealed that the best
solution for defining a SHM sensor-based system consists of using strain gauges in
the bottom fibers of sections at L/2 and L/4 of the beam. After that, additional sensors
can be not necessary. Regarding the mechanical parameters of the concrete charac-
terizing the bridge, the influence of £, was negligible. On the other hand, the above
consideration is not absolute, because the value of E; is strictly correlated to the values
of A& . Finally, as expected, an accurate evaluation of F, value is required to accurately
predict the F; value and then, the subsequent prestressing loss.

3.5. Conclusions

In this Chapter, a framework to define a Machine Learning (ML)-based surro-
gate model able to predict the prestressing losses of unbonded strands in prestressed
concrete (PSC) box-girder bridges is proposed. The developed surrogate model aims
to support a reliable structural assessment and monitoring of PSC box-girder bridges.
The structural safety management of these structures involves the characterization of
the health state of internal unbonded tendons (which are often inaccessible), the con-
tinuous record of the effective prestressing force reduction over time, and the design
of an effective structural health monitoring (SHM) system. To these scopes, the pro-
posed framework is based on the results obtained by experimental tests on a scaled
PSC box bridge, made in the ICITECH laboratory of the Universitat Politécnica de Va-
léncia. The scaled box-girder specimen, instrumented with linear variable displacement
transducer sensors and strain gauges, was tested under a Four-point bending test on
different phases, accounting for an undamaged phase (i.e., Phase 1) and three pro-
gressive damaged phases (i.e., Phases 2, 3, 4). From the obtained results, a simple
but effective nonlinear Finite Element (FE) model was developed and validated. In par-
ticular, both undamaged and damaged phases were assessed for the calibration, ob-
taining average percentage differences equal to 1% and 2% for displacement and stress
values, respectively. Using the defined modelling approach and including variability for

geometrical and mechanical properties, i.e., the elastic modulus of concrete (E.) and
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prestressing force at the “initial state” (F,), a sample dataset was generated by defining
5031 FE models. Using the above data, three ML algorithms were trained (Artificial
Neural Network, ANN, Random Forrest Regressor, and Support Vector Regression) to
relate the prestressing losses (i.e., F;) to the input variables (i.e., £, Fo, and the strain
variation in different sections, Ae"”). By using adequate evaluation metrics, the predic-
tion provided by ANN resulted the most accurate, revealing the best algorithm to define
the ML surrogate model. In addition, input variables were ranked through an eXplaina-
bility approach to evaluate their impact on the target variable prediction. The results can
be summarized as follows:

e A correct definition of F, is required in the “initial state”, that is the time of
investigation.

e The value of E; presents a low impact on the overall results, even though
its role is fundamental in the definition of Ae®”.

e An effective sensors-based SHM system, aimed at assessing prestressing
losses, can be employed for this typology of bridge by placing strain
gauges at the bottom fibers of L/2 and L/4 sections (L is the length of the
beam).

The results presented in this study suggest that the proposed ML surrogate model al-
lows overcoming the limitations characterizing the traditional non-destructive methods,
which require periodic and expensive onsite tests. In fact, to derive the current pre-
stressing losses, it is necessary to characterize the values of f, and E; in the “initial
state” and ensure continuous strain monitoring in the specific points above indicated.
One limitation of the study is represented by the scaled model, which presents some
simplifications in its manufacturing. In fact, the scaled bridge presents a beam section
designed according to the indication by Agarwal et al. (2022), but other quantities were
not scaled (as for example made by Losanno et al., 2023). Moreover, the realization of
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other specimens with different geometrical and mechanical feature could improve the
dataset at the base of the proposed ML model, which at the current state was numeri-
cally generated. In addition, those data could be used also for elaborating different type
of predicting models, such as by employing more classical probabilistic-based ap-
proaches.
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FINAL REMARKS

The structural safety of existing bridges is a primary concern for road and rail-
way management companies and public institutions, which have the role of continu-
ously assessing the health state of bridge portfolios to reduce the risk associated with
these structures for safeguarding human life and minimizing economic losses. When
referring to bridge portfolios, the main challenge is to individuate the worst cases and,
subsequently, to perform structure-specific analysis (e.g., structural health monitoring
- SHM, on-site inspection campaign or detailed assessment via modelling and analysis)
to plan future actions, such as demolition/reconstruction, retrofit interventions or traffic
limitations. This is the logic behind current trends in risk-prioritization of existing bridge
portfolios, such as the one proposed by the Italian government that, after the collapses
of some important bridges in the recent past, released in 2020 new guidelines (IG) for
the structural safety of existing bridges and viaducts. A multi-level approach is pro-
posed, oriented to perform firstly a large-scale screening of bridge portfolios and after,
on worst cases, a structure-specific analysis. This approach can be decisive in driving
the few available resources towards bridges with higher risks. However, although ef-
fective as standardized methodology at a national scale, |G propose traditional moni-
toring procedures (necessary and hardly replaceable), which involves time- and cost-
consuming activities which hinder their wide and timely application to a bridge portfolio
scale, given the thousands of bridges presenting Medium to High warning class. Still,
new cutting-edge technologies, new if compared to the well consolidated traditional
monitoring techniques, can be explored with the goal to lighten management costs and
to support reliable prioritization schemes of the IG, on a near-continuous basis.

189



PhD Mirko Calo | XXXVII cycle

Overall conclusion and key findings

This dissertation investigates procedures for an efficient large-scale assess-

ment of bridge portfolios and to enhance single-structure Structural Health Monitoring
(SHM) exploiting new sources of data and techniques after the identification of the most
recurrent structural typology on the Italian bridge stock (i.e., simply supported concrete
girder bridges).

Chapter 1 describes remote sensing techniques for Earth observation purposes
with a focus on Synthetic Aperture Radar (SAR) sensors, satellite constellations
deployed with this payload, and elaboration algorithms of acquired SAR images
(i.e., Differential Interferometry Synthetic Aperture Radar, DInSAR, and Multi-
Temporal Interferometry Synthetic Aperture Radar, MTInSAR). From the litera-
ture review on the principles of SAR sensors and on the application of INSAR
algorithms valuable considerations are derived regarding this remote-sensing
technique. SAR sensors collect data regardless the atmospheric and lightning
condition of the scene, providing a new SAR image once every two weeks,
satisfying the requirement of a near-continuous monitoring. The image stacks,
spanning the entire constellation activity period, characterized by a few meter
resolution and hundreds of kilometres in size (hence adequate as cost-effective
solution), can be processed by InSAR algorithms to detect displacements re-
lated to scatterers on the Earth surface. These scatterers, mostly characterizing
parts of man-made structures (e.g., buildings and bridges), identified by their
attributes as displacement time history along the Line-of-Sight (LoS), velocity
over the entire period along the same direction, coherence and spatial position
can be exploited for structural assessment of built heritage.

A framework is proposed based on MTInSAR data, poor structural information
(already at disposal by transportation management authorities) and tempera-
ture data to describe bridge behaviour over the time and compare it with dis-
placement thresholds related to service conditions, obtained with simple
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analytical models. The proposed early warning system, composed of a series
of standardized and scalable steps and implemented in a Python module to
enhance its scalability to bridge portfolios, aims to identify the causes of such
displacements (enclosed in scenarios) with the goal of: (i) provide structural
interpretation of remote-sensed measurements, (i) support the planning of fur-
ther actions (e.g., specific bridge sensors-based monitoring, traffic re-
strictions) in response to the identified displacement scenario. The procedure,
which is applied to simply supported concrete girder bridges (most spread
bridge typology in Italy as demonstrated in the Introduction), is tested on two
different case studies affected by different pathologies (e.g., increasing material
degradation/gravity loads, differential displacements and subsidence), demon-
strating its effectiveness as early warning system for the purpose of bridge
portfolio analysis and structural risk prioritization, also according to the frame-
work proposed by the recent IG (at least for the structural-foundational risk).
Moreover, a GIS plugin named BAS-MTInSAR is developed to foster the use of
this cutting-edge technology by practitioners. Its user-friendly Graphic User In-
terface, structure and functionalities are demonstrated achieving a satisfactory
level of automation of the proposed framework.

Chapter 2 deals with another remote-sensing technique based on the use of
Unmanned Aerial Vehicles (UAV). UAVs employment is increasing in several
application areas thanks to the ability of autonomous flight (i.e., through a pre-
liminary flight plan) and different payloads ranging from thermal cameras to
LiDAR sensors to optical cameras. Georeferenced images acquired with a con-
sistent overlay can be processed by commercial software such as Agisoft
Metashape to retrieve different digital products used for three-dimensional
modelling and measurements. One of these digital products is the Digital Sur-
face Model (DSM) which can be employed to monitor another risk related to
structures, that is displacements induced by the geomorphological context
(i.e., geological risk described in the 1G). Traditional SHM systems (i.e.,
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sensors-based) can be costly due to high management costs, while alternative
option such as involving a pool of experts who periodically monitor the focused
area is both inefficient (timely assessment over time) and expensive. Therefore,
pursuing the goal of employing new cost-effective technologies the UAV pho-
togrammetry can be used and combined with MTInSAR data in a probabilistic-
based approach to monitor existing built heritage (both buildings and infrastruc-
tures) and evaluate the influence of potential landslides.

The proposed framework exploits the advantages of both remote sensing tech-
niques to pay off their shortcomings. As discussed in the previous Chapter 1,
MTInSAR data lack of scatterers in unurbanized areas ,where bridges are typi-
cally located, thus limiting the monitoring of displacement in their surroundings
related to geological hazards. On the other hand, although DSM easily cover
large areas around the structure under investigation, are less accurate than
MTInSAR displacement time series which are on a millimetre scale. Given the
different accuracy and uncertainties of the two measurements, the statistical
distributions of spatiotemporal velocities (i.e., @ normalized measure of dis-
placements) detected with both techniques are used in the evaluation under two
assumptions: (a) normal distribution of data; (b) displacements recorded by
UAV photogrammetry further from the structure are less likely to influence it.
Statistical distributions are processed separately and compared with a thresh-
old value by means of a limit-state (LS) function. Performing this step for each
technique, the probabilities of exceeding (PoE) the LS can be computed, and
the comparisons between those probabilities are framed within three scenarios,
which can suggest the occurrence of subsidence phenomena.

The framework is first validated on the case study of Pomarico landslide, and
then applied for the purpose of risk prediction on the multi-span bridge analysed
with the MTInSAR framework in the previous Chapter 1. At the end of the ap-
plication, several advantages can be highlighted: (i) the obtained results suc-
cessfully identified the Pomarico landslide and provided a qualitative infor-
mation on the evolution of a geological risk affecting the focused structure; (ii)
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the obtained results provide a warning, which can be implemented in reliable
structural risk mitigation plans in areas prone to widespread terrain motions,
accounting for geological risks and highlighting the necessity (or not) of new
detailed monitoring campaigns enhancing rational administration of resources
for safety assessment; (c) the entire process is simple and economic (MTIn-
SAR data could be free, while UAV surveys can be performed by using low-
cost drones) and can improve the current practices of onsite inspections, by
ensuring continuous monitoring for the existing built stock.

Chapter 3 is no longer focused on the use of remote sensing techniques for
structural risk assessment of bridge portfolios, but on the use of a sensor-
based system for the same objective. While the cutting-edge technologies ex-
plored so far can be used to remotely detect anomalies, in some cases difficult
to perceive through visual inspections, the use of sensor monitoring systems
can be used to study evolutionary trends of possible degradation phenomena.
As discussed in the Introduction of the thesis, two construction materials are
widely used in Italy to build bridges, that is reinforced concrete and prestressed
concrete (PSC). This latter, although brings several advantages as described in
this Chapter, suffers from time dependent phenomena related to concrete and
harmonic steel, used for tendons, that reduce the prestressing force over time.
This occurrence, although accounted for in the design phase, could happen in
case of degradation phenomena too. For example, corrosion can reduce both
the mechanical properties (i.e., ultimate strength and ultimate strain) and the
cross-sectional area and mass of the steel strands, leading in worst cases to
wires rapture. In this case, total prestressing force of tendons at the anchorage
is reduced as well as the bearing capacity of structural elements.

For certain types of sections of PSC girder bridges, as the box-girder ones, the
visual inspection proposed by the IG poses some difficulties. For this specific
type of section, tendons are placed inside of the beam limiting their inspection
only in case of manholes planned during the design phase. Over time, several
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SHM approaches were proposed by the scientific community to identify the
residual prestressing force at the anchorage of the beam and based on literature
review concrete strain sensor can be a cost-effective solution. Still, some lim-
itations regarding local measures (i.e. dependencies with paste-aggregate in-
teractions and cracking) and the unbonded condition of tendons inside the box-
girder can prevent a straightforward estimate of prestressing force. Valuable
support can be provided by Machine Learning (ML) regression algorithms in a
model-driven approach.

On this basis, a framework based on ML regression algorithms, FE modelling
and concrete strain measures is proposed to predict the prestressing force and
its reduction over-time. Among literature ML algorithms Artificial Neural Net-
work (ANN), Random Forrest Regressor (RFR) and Support Vector Regression
(SVR) are explored to identify the best ML surrogate model for the case at hand.
These ML algorithms are trained on sample data generated from a calibrated
nonlinear FE model with diffused plasticity approach and fiber discretization of
the bridge deck. Sample data are generated by varying some parameters in a
schematic way (i.e., initial prestressing force, current prestressing force, and
concrete elastic modulus). The FE modelling strategy, validated on experi-
mental campaign took in ICITECH laboratories of the Universitat Politécnica de
Valéncia, represents a trade-off between computational effort in the generation
and analysis of thousand of models and precision of the measurements. Each
ML algorithm is trained considering a k-fold cross-validation for hyperparame-
ter tuning and to avoid overfitting. Literature statistical parameters as Mean
Signed Error (desired negative values to underestimate the output of the model
in a conservative way) and Root Mean Squared Error (in the same unit measure
of the response variable for a straightforward interpretability) are used to select
the best ML surrogate model. Given the nature of the proposed models as
black-box, a physical explanation of ML surrogate model can provide additional
insights into the prediction. To this scope, eXplainability metrics are exploited
as Shapley Additive exPlanations (SHAP). For the case at hand, the importance
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of SHAP application is dual: (i) SHAP can highlight which parameters require
an accurate evaluation because they present a higher impact on the output val-
ues; and (ii) SHAP can indicate the best combination of fibres and section to
monitor based on significance of features, to reduce the cost of the sensors-
based system to install.

The framework is applied to a scaled PSC box bridge experimentally tested at
ICITECH. The beam, instrumented with Linear Variable Displacement Transduc-
ers (LVDTs), strain-gauges, and Fiber Bragg Gratings (FBGs) is tested under
four-point bending moment test considering both “undamaged” and “dam-
aged” scenarios (i.e., achieved by consecutively removing dywidag steel bars
used as prestressing system at the end of each loading test). Experimental ver-
tical displacements are used to calibrate and validate the nonlinear FE model
with diffused plasticity approach and fibers, while experimental strain data are
used as input of the trained ML surrogate models. ANN is reported as the best
ML surrogate model, compared to RFR and SVR, given the negative values of
MSE and lowest values of RMSE (in both training and validation phase). This
result was expected prior the application, given its ability to generalize prob-
lems, even though it presents many hyperparameters to be tuned. The applica-
tion of the ML surrogate model to the experimental values of the case study
reported the current prestressing force with a 0.3% difference, thus showing
potentials of the combination of traditional sensor-based SHM systems and ML
algorithms.

Finally, the eXplainability approach provided valuable insights regarding the de-
sign of a sensors-based SHM systems aimed at monitoring the prestressing
losses: (i) a correct definition of initial prestressing force is required; (ii) the
value of the elasticity modulus of the concrete presents a low impact on the
overall results, even though its role is fundamental in the definition of strain
increments; (iii) an effective sensors-based system of strain-gauges can be
applied at bottom fibers of L/2 and L/4 sections (L is the length of the beam),
for prestressing losses assessment. Moreover, the SHAP approach highlighted
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the relations between input variables providing a satisfactory learning of the
physical process by the black-box model.

Future research

Based on the presented outcomes, recommendations for future research on the

considered topics are proposed.

The proposed frameworks for bridge structural risk assessment and early-
warning rely on the availability of knowledge data about the structure/s to be
analysed. As evidenced in these studies, initial knowledge is a crucial variable
for the accuracy of the assessment process. In future, the availability of data is
expected to increase. Consistently with the technological advances in geomat-
ics, the deployment of new satellite platforms will provide open-access or low-
cost images characterized by higher resolution with high potential in data ex-
traction for structural assessment purposes. In this process, expertise in geo-
matic and informatic for data mining will contaminate conventional structural
engineering.

Data-sharing should be encouraged. In Italy, the innovative platform AINOP
(MIT, 2024) aims at storing and increasing the availability of knowledge data
about public infrastructures. The platform is designed to allocate contributions
by privates which can signal disruptions or damages in public infrastructure
assets. The sharing of the data with researchers, together with private structural
engineers, will be essential to increase the safety of infrastructure systems in
the name of the public interest.

The advances about the use of Multi-Temporal Interferometry Synthetic Aper-
ture Radar (MTInSAR) data for structural assessment of existing bridges
through displacement scenarios enrich an extended literature on the theme
mostly focused on single structures with known problems or already collapsed.

Based on the limitations highlighted in the conclusion of Chapter 1, promising
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advances can be achieved combining different satellite constellation data to
improve the timeliness of early-warning, enhancing the range of tools at the
disposal by transportation authorities. Moreover, new satellite constellation as
IRIDE (Planetek, 2023) travelling outside of a near polar orbit will contribute to
reconstruct displacement components in each direction of the proposed Mo-
bile-Local Reference Coordinate System by the data fusion with present satel-
lite platforms. In the end, proposing new simplified models for threshold eval-
uations, the proposed framework could be extended to other bridge typologies
for a complete portfolio assessment.

The combination of MTINnSAR data and Unmanned Aerial Vehicle (UAV) Photo-
grammetry is one of the few examples of data fusion between these remote-
sensing techniques as evidenced in the review on the state-of-the-art. The val-
idation of the proposed probabilistic-based approach on a real landslide shows
promising in geological risk assessment in the I1G. UAV is a key technology on
which transportation authorities are investing as demonstrated by the smart
road program of ANAS S.p.A. (ANAS, 2024b). Given the ability of UAV to per-
form autonomous flights, the development of more powerful payloads in the
future, and recent advances in computer vision for detecting common defect
on existing bridges (e.g., Cardellicchio et al., 2023), this technique can deeply
change the paradigm of transportation network management and assessment.
As with the use of MTINSAR data, different expertises are required to employ
such Structural Health Monitoring (SHM) strategies, and thus their dissemina-
tion depends on the sensitivity of the technical-scientific context to knowledge
other than that of the cultural matrix of origin and the more or lesser aptitude to
assimilate its innovative content.

The proposed methodology for estimating the prestressing force reduction via
ML algorithms and strain sensors is promising in the filed of structural risk
assessment of prestressed concrete girder bridges. Still, some limitations are
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highlighted due to the laboratory test rather than on-field application. For this
reason, data availability and cooperation between researchers and stakeholders
is fundamental to achieve a higher level of results in integrating traditional and
cutting-edge technologies. In addition, the future development of new ML algo-
rithms will improve the quality of predictions based on experimental measure-
ments.

e The future of the management of exiting infrastructure assets will be governed
by digital database connected to automatic algorithms for the real-time calcu-
lation and update of the structural-foundational, seismic, geological/hydraulic
risk and global warning classification. The data stored in cloud system and
accessible through Geographical Information Systems (GIS) and Building In-
formation Models can help data analysis to address inspections and retrofit
interventions. Based on the proposed routines and future developments aimed
at extending their applicability to other bridge typologies, applications and more
refined GIS plugins will be developed to foster the adoption of these algorithms
by the transportation authorities’ operators. An example is the alpha version of
BAS-MTInSAR (Calo et al., 2024b; Calo et al., 2024c) developed by the author.
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