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Abstract

Bridge infrastructure is a critical component of transportation networks,
yet its management faces increasing challenges due to aging assets. Bridge
Management Systems (BMS) aim to allocate resources efficiently by pri-
oritizing repair and maintenance interventions based on structural condi-
tion assessment, which is usually derived from inspection reports. How-
ever, traditional condition ratings relying solely on visual inspections are
often insufficient, as they lack quantitative evaluation of either mechan-
ical properties of the structure, structural responses and applied loads.
In this context, Structural Health Monitoring (SHM) offers a valuable
opportunity for objective, timely and continuous assessment of struc-
tural performance. However, the high costs of permanent on-site SHM
systems hinder their large-scale adoption, and the absence of standard-
ized procedures for effective monitoring system design risks leading to
inefficient use of resources through the installation of systems that pro-
vide useless information. As a result, SHM systems are currently usu-
ally installed only on a limited number of strategic or severely degraded
bridges. Innovative techniques, algorithms and methods that enable network-
scale and cost-effective monitoring therefore need to be explored and
enhanced for potential integration in bridge management practice. This
thesis proposes innovative solutions to overcome key obstacles to the
widespread and systematic implementation of SHM in bridge manage-
ment, by leveraging satellite SAR technology for device-free, large-scale,
and inexpensive bridge monitoring, and a performance-based approach
for monitoring system design. The main research contributions include:
(i) an end-to-end application of satellite SAR technology to bridge mon-
itoring, from the satellite data processing steps to the structural inter-
pretation of results, advancing both the understanding and the practical
applicability of SAR technology for infrastructure managers; (ii) a novel
clustering algorithm for the automated classification of SAR-derived out-
puts, simplifying their rapid interpretation and enabling large-scale ap-
plication of satellite monitoring; (iii) a closed-form expression for es-
timating the performance of SHM systems by predicting the structural
state parameters uncertainty, which can be directly employed in the de-
sign of monitoring systems.
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Overview

1. Overview

Structural Health Monitoring (SHM) has rapidly expanded over the past
two decades, driven by tragic structural failures and the progressive de-
terioration of existing infrastructure [1, 2]. Despite remarkable advances
and increasing application in both scientific research and engineering
practice, several challenges remain in the systematic implementation of
SHM and its integration into bridge management protocols [3, 4, 5]. In
this doctoral thesis I aim to develop innovative methods and algorithms
to support the standardization and network-scale deployment of SHM
for infrastructure management, thereby enhancing its use and integration
within Bridge Management Systems (BMS). The proposed approaches
were validated through real case studies involving the bridge inventory
managed by Autostrada del Brennero S.p.A.

The first contribution of this thesis consists in advancing the inte-
gration of spaceborne Synthetic Aperture Radar (SAR) technology into
traditional bridge management practices. This is achieved by (i) pre-
senting an application framework for analyzing road bridges by means
of SAR data and (ii) providing a low-input algorithm for the automated
post-processing of the outputs derived from SAR data analysis. The sec-
ond contribution of this thesis concerns the advancement and standard-
ization of monitoring system design. A user-friendly formulation for the
evaluation of the effectiveness of a monitoring system during the design
phase is proposed. This formulation targets the primary monitoring ob-
jectives for prestressed concrete bridges, and can be readily employed by
infrastructure operators in the design of monitoring systems.

Noteworthily, during the development of this research, I worked full-
time as a civil engineer at Autostrada del Brennero S.p.A., the A22 high-
way concessionaire. I was directly involved in the design of the Po
Bridge monitoring system, which is currently being installed. I am cur-
rently developing a comprehensive database for the monitored bridges
along the A22 highway and creating a python-based application for SHM
data management and visualization. This platform is currently being
tested on the SHM systems of the Colle Isarco and Micheletti viaducts,
and will soon be extended to include the Po Bridge SHM system once
the data are available.

This doctoral thesis is presented as a collection of published scientific
articles. Specifically, this doctoral thesis collects four journal articles
already published in international peer-reviewed journals. The first one is
a literature review on Bridge Management Systems, the second and third
focus on SAR satellite monitoring of bridges, and the fourth concerns the
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design of monitoring systems. Here is the complete list of my scientific
journal publications, presented in this thesis:

J.1)

J.2)

J.3)

J4

Brighenti, F., Caspani, V. F., Costa, G., Giordano, P. F., Limon-
gelli, M. P, Zonta, D. (2024). Bridge management systems: A re-
view on current practice in a digitizing world. Engineering Struc-
tures, 321, 118971, https://doi.org/10.1016/j.engstruct.2024.118971.

Tonelli, D., Caspani, V. F., Valentini, A., Rocca, A., Torboli, R.,
Vitti, A., Perissin, D., Zonta, D. (2023). Interpretation of bridge
health monitoring data from satellite InSAR technology. Remote
Sensing, 15(21), 5242, https://doi.org/10.3390/rs15215242.

Caspani, V.F., Tonelli, D., Bado, M.F., Rocca, A., Perissin, D.,
Zonta, D. (2025). Bridge monitoring with satellite InSAR tech-
nology and clustering algorithm. Measurement, 118939, https:
//doi.org/10.1016/j.measurement.2025.118939.

Caspani, V. F., Tonelli, D., Poli, F., Zonta, D. (2021). Design-
ing a structural health monitoring system accounting for temper-

ature compensation. Infrastructures, 7(1), 5, https://doi.org/10.
3390/infrastructures7010005.

Whilst my primary focus was on the above topics, I also worked,
jointly with my research group, on asset structural health assessment
through visual inspections and non-destructive testing, with a contribu-
tion in two conference papers. In addition to these, other conference pa-
pers on my primary research topics have been published. The following
are the main conference papers produced:

(C.1)

(C.2)

Tonelli, D., Rossi, F., Luchetta, M., Caspani, V., Zonta, D., Miglior-
ino, P, ... & Ascari, G. (2021, March). Effectiveness of acoustic
emission monitoring for in-service prestressed concrete bridges.
In Sensors and Smart Structures Technologies for Civil, Mechan-
ical, and Aerospace Systems 2021 (Vol. 11591, pp. 178-192).
SPIE.

Tonelli, D., Caspani, V. F., Zorzi, S., & Zonta, D. (2022, April).
Designing monitoring systems for long-term structural response.
In Sensors and Smart Structures Technologies for Civil, Mechan-
ical, and Aerospace Systems 2022 (Vol. 12046, pp. 184-192).
SPIE.


https://doi.org/10.1016/j.engstruct.2024.118971
https://doi.org/10.3390/rs15215242
https://doi.org/10.1016/j.measurement.2025.118939
https://doi.org/10.1016/j.measurement.2025.118939
https://doi.org/10.3390/infrastructures7010005
https://doi.org/10.3390/infrastructures7010005

1.1. Motivation

(C.3) Caspani, V., Tonelli, D., Poli, E.,, Zorzi, S., & Zonta, D. (2022,
June). Pre-posterior analysis of temperature-compensated struc-
tural health monitoring data. In European Workshop on Structural
Health Monitoring (pp. 318-326). Cham: Springer International
Publishing.

(C.4) Poli, F,, Bado, M.F., Possidente, L., Brighenti, F., Caspani, V.F., &
Zonta, D. (2022). Assessing the cost of subjectivity in reinforced
concrete bridge inspections. In Proceedings of the 6th fib Congress
2022.

(C.5) Caspani, V.F., Tonelli, D., Torboli, R., Zorzi, S., & Zonta, D.
(2022). Remote monitoring of bridge displacements with satellite
SAR technology. SWCSCM, Orlando (FL), USA.

(C.6) Caspani, V. E., Tonelli, D., Rocca, A., Torboli, R., Vitti, A., &
Zonta, D. (2023, April). Satellite InSAR technology for structural
health monitoring of road bridges and the surrounding territory:
a case study. In Sensors and Smart Structures Technologies for
Civil, Mechanical, and Aerospace Systems 2023 (Vol. 12486, pp.
293-302). SPIE.

1.1 Motivation

Bridges and viaducts play a vital role in the orderly functioning of mod-
ern society, contributing to its safety, comfort, and economic well-being.
Effective management and maintenance of infrastructure are essential,
given their progressive deterioration due to aging, increased traffic de-
mands, environmental and geological phenomena, and the growing fre-
quency of extreme weather events related to climate change [6].

In Europe, the first wave of highway construction began in the 1920s,
followed by a major expansion in the 1960s [7, 8]. During this period,
Italy carried out numerous large-scale infrastructure projects, including
highways. As a consequence, today over half of Italy’s highway bridges
have exceeded their original design service life and often exhibit signif-
icant defects and signs of deterioration [9]. Many of these structures are
nearing the point where they may no longer support the heaviest vehicles
or meet adequate standards of durability and serviceability. However, the
complete replacement of all these aging bridges is neither economically,
logistically, nor environmentally feasible in the short term [10]. There-
fore, infrastructure managers must keep assets in service while ensuring
safety and functionality, which requires prioritizing maintenance activi-
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ties and allocating financial resources through effective bridge manage-
ment [11].

For example, the Brenner Highway ”A22” was constructed between
1964 and 1974. It is a 314-km highway connecting the Brenner Pass
with Bolzano, Trento, Verona, Mantua, and Modena, which established
a strategic transport corridor between Italy and the rest of Europe via
Austria, fostering social, economic, and cultural integration. The A22
highway includes 142 bridges—most made of reinforced concrete—146
overpasses, and 30 tunnels. The A22 infrastructure operators regularly
check the condition of their bridge stock by means of periodic visual in-
spections, and upload the inspection reports to their BMS platform. For
each bridge, they compile defect sheets and assign a condition rating.
This process allows them to eventually prioritize maintenance for bridges
showing defects or signs of deterioration. In essence, the BMS serves
as a valuable inventory of the bridge stock and its condition based on
visual inspections. Such traditional BMS approaches—centered around
visual inspections—are widely used by infrastructure managers and high-
way concessionaires across the world [12, 13].

Yet, the traditional BMS approach of relying solely on visual in-
spection and on the evaluation of condition ratings of bridges for their
structural upkeep management has proven insufficient, since it has sig-
nificant limitations [14, 15]. Inspections may require traffic closures,
are expensive especially for hardly accessible bridges, and cannot detect
hidden defects such as corrosion or loss of prestress in cables [16]. Fur-
thermore, they are subject to human interpretation and strongly depend
on the expertise of inspectors [17]. Moreover, by focusing only on con-
dition, key indicators of the structural state related to actions, response,
environmental and geotechnical phenomena, and mechanical properties
of the structure are overlooked [18]. Examples of key structural state
parameters include long-term displacement, rotation, and deformation
drifts, modal frequencies, post-tensioning force losses, corrosion rate,
scour depth, joint aperture, etc. [19, 20, 21].

To enable the assessment of various types of structural state parame-
ters, the last few decades have seen growing efforts to use and integrate
innovative technologies and methods into bridge management frame-
works [22, 23, 24, 25]. In 2007, Farrar et al. defined the combined use of
such technologies and methods for structural state evaluation—commonly
known as Structural Health Monitoring (SHM)-as “the process of imple-
menting a damage identification strategy (...) that involves the observa-
tion of a structure (...) to determine the current state of system health.”
[26]. It should be noted that SHM is generally distinguished from non-
destructive evaluation techniques (NDTs) by the fact that it exploits per-
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manently acquiring sensor networks and does not take the structure of
interest out of operation [27].

SHM allows continuous, objective, timely and accurate assessment
of the structural state, potentially improving bridge management in terms
of both maintenance planning economy and safety [27]. In recent years,
in Italy as well as worldwide, the adoption of sensors for monitoring
civil infrastructures has been further encouraged by guidelines for bridge
monitoring and management and by national funding initiatives, leading
to a growing interest in SHM among practitioners and infrastructure op-
erators [28, 29].

However, SHM systems come with high costs. The higher the num-
ber of sensors and the better their accuracy, the higher the costs of per-
manent SHM systems—between 50-200k euros per bridge’s span [30],
and up to 2-3 million euros for a strategic multi-span bridge [31]. As a
result, SHM is still typically limited to strategic or highly deteriorated
structures. For example, on the A22 network, the Colle Isarco viaduct
has served as a SHM pilot project, equipped between 2014 and 2016
with a multi-sensor system including topographic prisms, fiber optics,
load cells, and temperature sensors. More recently, the design for an
even more advanced SHM system has been completed for the Po River
Bridge. Considering that in the near future, a significant amount of the
infrastructure stock will exceed its design life, the number of assets that
could benefit from permanent monitoring will also increase. Thus, cost-
effective and network-scale SHM strategies are urgently needed.

In this context, it becomes essential to ensure that SHM systems
themselves are effective, bringing useful information to the infrastruc-
ture operators [32]. In fact, SHM is only effective when it enables re-
liable identification of key state parameters with an appropriate level of
confidence, thereby improving knowledge of the actual structural state
[33]. This general rule should drive the design and installation of SHM
systems for the assessment of relevant structural state parameters, based
on the monitoring objectives defined for each structure and the needs
of the asset manager. However, no specific regulations currently exist
for the choice of technologies to use, and monitoring system design is
often approached empirically [34]. This can result in the design and in-
stallation of inefficient SHM systems, leading to wasted or improperly
used resources. A logical and rigorous procedure for monitoring sys-
tem design and performance evaluation is therefore needed to support
the cost-effective monitoring of an increasing number of bridges.

Building on the need for more scalable and cost-effective strategies,
satellite remote monitoring offers a promising complementary solution
to traditional contact-type monitoring. In particular, SAR technology
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enables long-term monitoring over wide areas, capturing entire infras-
tructure networks without the need to install any sensors on-site. The
cost of a single high-resolution archive image—suitable for infrastructure
displacement analysis—can range from a few hundred to few thousand eu-
ros, depending on the product type, sensor, and size [35]. For example,
the satellite imagery analyzed in this thesis is provided free of charge for
research purposes, and costs 300€ per image for commercial use, cov-
ering areas of 40x40 km (COSMO-SkyMed Stripmap imagery). A set
of images for monitoring a period of about 2 years costs approximately
10k€, while a set of images for monitoring a period of about 10 years
costs around 70k€ [36, 37]-significantly less than installing traditional
monitoring systems on multiple bridges along a roughly 40-km highway
segment. The use of satellite SAR technology for SHM of bridges is a
rapidly expanding field of research, with several areas that still require
further development [38].

1.2 Problem Statement

The main research problems addressed in this thesis, previously intro-
duced in Section 1.1, are presented below.

(1) Limited studies on the use of SAR satellite technology for bridge
monitoring and its integration in bridge management prac-
tices: SAR technology offers significant potential for infrastruc-
ture monitoring, enabling the observation of large areas and struc-
tures without the need for on-site sensors. However, its use in
SHM is still in the early stages, with several limitations yet to
be overcome. Most civil engineers have limited familiarity with
MT-InSAR data processing and often rely on pre-processed out-
puts provided by third-party analysts, without insight into critical
data processing steps that can affect both accuracy and interpreta-
tion of the final results. Additionally, interpreting and classifying
MT-InSAR derived results from a structural engineering perspec-
tive nowadays remains a challenging and time-consuming task —
especially given the large number of Persistent Scatterers points
(PS) that may be identified, depending on SAR dataset quality and
coverage. These gaps need to be addressed to fully leverage MT-
InSAR in SHM.

(2) Lack of a standardized approaches for the design and perfor-
mance evaluation of monitoring systems: When monitoring a
structure, the purpose is to identify a set of key parameters which
are representative of its state. During the monitoring system de-
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1.3

sign phase, these key parameters are defined. For the monitoring
system to be effective, it must enable the identification of these
parameters with sufficient confidence—i.e., within an acceptable
level of uncertainty. However, predicting the uncertainty of the
key parameters in the design phase, when no monitoring data is
yet available, remains a challenge. The ability to estimate the ex-
pected performance of a monitoring system in terms of the ac-
curacy of key state parameters is crucial both for infrastructure
managers—who must allocate resources in advance—and for system
designers—who must ensure the proposed solution meets perfor-
mance requirements.

Objectives

The main objectives of this thesis, aimed at addressing the problems out-
lined in Section 1.2, are presented below:

(D

2)

Framework for MT-InSAR analysis of bridges and algorithm
for automated post-processing of MT-InSAR outputs: This the-
sis presents an end-to-end process for using MT-InSAR in the
monitoring of road bridges in operational conditions. The process
includes data acquisition, MT-InSAR data processing for PS dis-
placement time series extraction, and the interpretation of the ob-
served millimetric ground and bridge movements from a structural
engineering standpoint. Furthermore, a novel, low-input cluster-
ing methodology is proposed for the automated classification of
PS, sparing the need to individually check each PS one-by-one.
This data-driven approach enables the rapid identification of PS
distinct deformation patterns and their association with physical
elements in the area. It is designed to be broadly applicable across
different case studies and accessible to civil engineers with limited
expertise in data science or InSAR processing. The methodology
fosters efficient interpretation of MT-InSAR data and its potential
integration into BMS frameworks.

Formulation to quantify the expected performance of moni-
toring systems, and its application to monitoring system de-
sign: This thesis introduces a method for evaluating the effec-
tiveness of a monitoring system in the design phase, before any
data has been collected. It consists in a simple-to-use formulation
that allows to calculate the expected uncertainty in key structural
state parameters—specifically, long-term response trends—while ac-
counting for temperature effects. The proposed approach repre-
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sents a significant step forward in enabling broader adoption of
SHM, as it provides infrastructure managers and engineers with
a practical tool for designing monitoring solutions by quantifying
their expected performance. The formulation was employed by
the author and Autostrada del Brennero S.p.A infrastructure op-
erators in the design of the multi-sensor SHM system for the Po
River Bridge.

Through these objectives, this thesis aims to deliver practical and
innovative solutions to real-world problems faced by infrastructure man-
agers. The proposed methods are designed to enhance the effectiveness
and efficiency of monitoring and managing critical infrastructure in a
resource-constrained environment.

1.4 Methodology

The methodology adopted in this research to achieve the outlined objec-
tives involved different steps.

First, a comprehensive review of Bridge Management Systems (BMS)
was conducted to identify current practices, critical challenges, and emerg-
ing trends in bridge management (Chapter 5). Among other findings, this
study provided insight into both the opportunities for enhancing bridge
management through SHM, and the barriers that still hinder its system-
atic integration into practice. This study laid the foundation for the sub-
sequent steps of my research, which aimed to address two critical chal-
lenges in bridge management through SHM: (i) the high costs associated
with the installation of permanent on-site SHM systems at a network
scale and management of large volumes of monitoring data; and (ii) the
absence of standardized and consistent procedures for the design and
performance evaluation of monitoring systems.

To address the need for large-scale and cost-effective SHM solutions,
the use of satellite SAR technology for remote bridge monitoring was ex-
plored. First, a framework for analyzing SAR data and interpreting the
outputs from a structural standpoint was developed. An application on
the A22 Po River Bridge case study was carried out, starting from the
raw SAR imagery dataset, and proceeding through the extraction and
discussion of the results, including their correlation with environmental
phenomena (Chapter 6). Then, a novel data-driven clustering algorithm
for the automated classification of PS derived from MT-InSAR analysis
was developed. The algorithm performs a one-step analysis that consid-
ers both the temporal and spatial domains of PS, allowing the identifi-
cation of predominant PS time-series patterns and their association with
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physical entities within the SAR image footprint area. This approach
facilitates the rapid interpretation of large PS datasets and supports po-
tential integration into BMS frameworks. The algorithm was tested on
two case studies along the A22 highway: the Colle Isarco viaduct and
the Po River bridge (Chapter 7).

Finally, a formulation to estimate the effectiveness of a monitoring
system was developed. This formulation can be applied to the design
of monitoring systems for long-term phenomena and explicitly accounts
for temperature effects. It is particularly useful for the design of mon-
itoring systems for prestressed concrete bridges, which are severely in-
fluenced by long-term phenomena (e.g. creep and shrinkage, prestress
losses, ground movements) and by environmental temperature effects. It
can be easily employed in the design phase, as it does not depend on
the specific data acquired by the system itself. Specifically, the devel-
oped formulation allows estimating the expected uncertainty of long-
term trend parameters (e.g. strain, rotation, displacement trend), en-
abling the evaluation of a tentative monitoring solution’s effectiveness
by verifying whether key state parameters can be identified with an ad-
equate level of confidence. Validation was carried out on the A22 Colle
Isarco viaduct case study by comparing the pre-posterior uncertainty es-
timate obtained through the proposed method to the actual uncertainty a
posteriori derived from monitoring data (Chapter 8).

1.5 Outline

This thesis is organized in two parts (I and II) and in eight chapters, not
including the present one. Part I, State of the art, contains three chapters
and provides a brief state of the art on the research topics addressed in
this thesis. Next, Part II, Publications, contains five chapters. The first
four chapters contain the post-print of the four author’s journal publi-
cations discussed in this thesis. The last chapter includes final consid-
erations, limitations and possible future developments of this research.
Finally, this thesis includes a brief appendix, where an additional discus-
sion is presented to provide further insight on the main topics addressed
in the research papers.

The present chapter (Chapter 1) introduces the work, outlining the
motivation, problem statement, objectives, and methodology.

Chapter 2 provides a review of Bridge Management Systems, with
particular emphasis on the role of Structural Health Monitoring in cur-
rent practice. It draws on the author’s comprehensive review, reported in
Chapter 5.

Chapter 3 presents an overview of the theoretical background related
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to SAR imagery and MT-InSAR processing. This chapter outlines the
foundation and motivation for the studies presented in Chapters 6 and 7.

Chapter 4 describes the Performance-Based Monitoring System De-
sign approach, highlighting its limitations and forming the basis for the
study reported in Chapter 8.

Chapter 5 presents the article with title “Bridge Management Sys-
tems: A Literature Review on Current Practice and Future Trends in a
Digitizing World”, which offers a comprehensive state-of-the-art review
of BMS.

Chapter 6 and Chapter 7 focus on the application of MT-InSAR for
SHM of bridges. These sections include the articles with titles “Interpre-
tation of Bridge Health Monitoring Data from Satellite InSAR Technol-
ogy” and “Bridge Monitoring with Satellite InSAR Technology and Clus-
tering Algorithm”, respectively addressing the application of MT-InSAR
for bridges monitoring and the development of a data-driven clustering
algorithm for automatic classification of MT-InSAR outputs.

Chapter 8 includes the article with title “Designing a Structural Health
Monitoring System Accounting for Temperature Compensation”, which
introduces a formulation for the a pre-posteriori estimation of the uncer-
tainty of long-term trend parameters. Such formulation can be employed
for the design of monitoring systems.

Chapter 9 concludes the thesis with general insights, limitations and
proposed future research directions.

Finally, some complementary considerations are presented as an ap-
pendix. Appendix A addresses the monitoring system design problem
for a generic bridge, comparing the performance of on-site and remote
satellite-based monitoring solutions. The analysis provides further in-
sights into both the monitoring system design procedure and the cost-
effectiveness of satellite monitoring.
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2. Bridge Management Systems

In the first part of my research, a comprehensive review on Bridge Man-
agement Systems (BMS) was conducted to identify current practices,
critical challenges, and emerging trends in bridge management. The re-
view gives a historical perspective on the development of BMS and iden-
tifies four main modules of a complete BMS: data collection, diagnosis,
prognosis, and decision making. By analysing these modules and their
interconnections, the review highlights that current BMS practices still
rely predominantly on visual inspections. However, the inherent limita-
tions of inspections have led infrastructure operators to explore perma-
nent SHM systems, which allow automated data collection and continu-
ous updates on the structural state. Despite their potential, the system-
atic integration of SHM systems into bridge management practices still
faces several challenges, including: (i) the high costs associated with the
extensive deployment of permanent contact-type SHM systems at a net-
work scale, and the need to manage and post-process vast amounts of
monitoring data; and (ii) the lack of standardized, consistent, and har-
monized procedures for the design of monitoring systems based on a
quantitative evaluation of their performance and effectiveness.

This chapter provides a summary of the key findings from my litera-
ture review on BMS, ”Bridge management systems: A review on current
practice in a digitizing world”, with particular emphasis on the role of
Structural Health Monitoring in current BMS practice, including recent
advancements and persistent limitations. The full published manuscript
is presented in Chapter 5.

2.1 BMS history and role

The effective management of transportation infrastructure is essential for
ensuring safety, supporting economic growth, and maintaining interna-
tional competitiveness. Bridges functionality can be compromised by
ageing, increasing traffic demands, environmental exposure, and extreme
events [1, 2]. Some forms of deterioration can be subtle and difficult to
detect, yet they may lead to premature failure of critical components.
Many bridges were built during the major construction boom of the
1960s, particularly in Europe, and thus today exceed their design service
life. According to the 2025 Infrastructure Report Card by the Ameri-
can Society of Civil Engineers (ASCE) [3], 45% of the 623,000 U.S.
bridges are 50 years or older, 6.8% are in poor condition and 49.1%
are in mediocre condition. The US Federal Highway Administration’s
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(FHWA) estimated bridge-related system rehabilitation needs at $191
billion. In Japan, around 40% of bridges are at least 50 years old [4].
In China, according to the Yearbook of China’s Transportation, around
15% of bridges are in dangerous situation [5]. In Italy, it was estimated
that 50.4% of the highway bridges are at least 50 years old [6].

Historical data show that between 1989 and 2000, hundreds of bridge
failures have occurred in the United States, triggered by floods (about
53% of failures), collisions (about 20% of failures), design and con-
struction flaws, or insufficient maintenance [7]. Recent decades have
also seen numerous bridge failures with dramatic consequences in dif-
ferent nations [8], including the deadly collapse of the Morandi Bridge
in Genoa, Italy, in 2018, with the loss of 43 people [9].

Replacing ageing structures at large scale is economically, logisti-
cally and environmentally unfeasible. Hence, infrastructure managers
must find optimal strategies to keep the assets in service while ensur-
ing safety and functionality [10]. The ultimate objective is to optimize
budget allocation in a resource-costrained environment by maintenance
planning and interventions prioritization based on structural condition
assessment [11, 12]. Achieving this is only possible by relying on in-
spection programs and monitoring data to assess the bridges stocks de-
terioration level and structural performance in terms of durability, ser-
viceability and reliability [13]. This paradigm forms the core of Bridge
Management Systems (BMS), which were introduced to enhance main-
tenance efficiency, ensure safe operations, and optimize available eco-
nomic resources.

BMS aim to provide a rational framework for data collection, struc-
tural state assessment, future deterioration prediction, and finally deci-
sion support on intervention prioritization and resource allocation [14].
Different countries and infrastructure managers have developed BMS
that include codes, guidelines, and specific software programs applicable
at both the individual bridge level (project-level) and the network level
[15].

The development of BMS gained momentum after major failures
such as the 1967 collapse of the Silver Bridge in the United States, which
highlighted the need for systematic management practices. The first
BMS softwares emerged in the 1970s—for example, Denmark’s DANBRO-
and were followed in the 1980s and 1990s by national platforms such as
DISK in the Netherlands, BaTMan in Sweden, Pontis/BrM and Bridgit
in the United States, KUBA in Switzerland, and other systems in Fin-
land, Germany, France, and many other countries [14]. Over time, nu-
merous road agencies and operators adopted, adapted or developed BMS
software to meet their specific regulatory and operational conditions. In
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[14], a list of the best-known software-based digital BMS in Europe and
in the world is reported. Figure 2.1 reports a map of the BMS software
employed worldwide.
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Figure 2.1: Timeline of BMS softwares.

Despite significant progress and harmonization efforts [ 16], the adop-
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tion and modernization of BMS remain uneven across countries and op-
erators. Developing or maintaining a custom system often requires sub-
stantial financial investment and advanced digital capabilities, and many
existing systems still need updates to fully exploit new data sources, par-
ticularly Structural Health Monitoring technologies.

2.2 BMS modules

To address diverse management objectives, a BMS must be flexible and
incorporate different modules tailored to specific needs. Existing BMSs
across countries and operators nowadays have different modules, and
non-uniform definitions of BMS modules can be found in the literature
[17, 18, 19].

However, some modules are common to all BMSs, namely the in-
ventory module, i.e. the database of the bridge stock records, and the
inspection module, which concerns the collection of structural condition
data through visual inspections. Often, BMSs limit their scope to these
modules.

Considering different approaches in literature, a uniform categoriza-
tion of BMS modules into four main groups can be identified:

(1) Data management, which deals with the data regarding the stock
inventory, including data collection, acquisition, transmission, and
storage.

(2) Diagnosis, which aims to assess the condition of individual bridge
components, single bridges, or infrastructure networks, based on
the collected data.

(3) Prognosis, which gathers all the activities connected to the predic-
tion of future bridge conditions.

(4) Decision-making to identify optimal management actions.

These four modules are strictly connected. Diagnosis and prognosis
are carried out based on data collected on bridges and their components.
Decision making depends on the results of diagnosis and prognosis and
can also influence data management.

2.2.1 Data Management

Efficient data management plays a fundamental role in the effective im-
plementation of a BMS. This process can be divided into four main
stages: collection, acquisition, transmission, and storage. Data collec-
tion refers to obtaining information on the bridge through inspections or
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SHM systems. While visual inspections allow identifying visible signs
of deterioration, SHM systems enable gathering continuous, quantitative
information on structural performance [20].

SHM systems are intended as the sets of sensing technologies that
can be used to collect data on structural characteristics, including the
structural response, for the purpose of estimating key parameters repre-
sentative of the structural state [21]. An SHM system typically includes
sensors, data acquisition and transmission modules, databases, and pro-
cessing units for data analysis. A wide variety of contact-type sensors is
available [22], including fiber-optic sensors, piezoelectric sensors, global
navigation satellite system (GNSS) receivers, magnetostrictive sensors,
and Microelectromechanical Systems (MEMS) [23]. Recent years have
seen a surge of remote-sensing technologies, such as space-born satellite
SAR [24].

In the acquisition phase, the gathered information is converted into
a digital format suitable for processing and analysis. Subsequently, the
data is transmitted to central databases via either wired or wireless com-
munication channels. Robust storage solutions, such as cloud-based plat-
forms, provide scalability and remote accessibility, allowing multiple
users to simultaneously access and analyze the data.

2.2.2 Diagnosis

The diagnosis phase in BMS consists of assessing the condition of in-
dividual bridge components, entire bridges, or even infrastructure net-
works by using performance indicators (PIs). These indicators quantify
the mechanical/physical properties and/or the level of structural degrada-
tion, which impact the ultimate capacity and serviceability of the struc-
ture [25, 26]. They can be derived both from inspection data and from
SHM data.

Condition indicators at the bridge level (BClIs) are quantified by com-
bining the condition rates of individual bridge components assigned dur-
ing visual inspections [27]. Methods for their calculation include weighted
average, qualitative, worst-conditioned component, and ratio-based ap-
proaches. BClIs alone cannot provide a clear structural safety judgment
since no quantitative evaluation is done from either the resistance and
the loading sides. On the other hand, nondestructive tests (NDTs) like
ultrasonic testing, eddy current testing, and ground-penetrating radar, as
well as destructive tests (DTs), involve controlled damage to evaluate
material properties as key structural state parameters.

Key state parameters evaluated by means of SHM include a wide va-
riety of options. They can be subdivided into main categories: dynamic
(vibrational) and static parameters. They can identify a local response

21



Valeria Caspani - Advancing Bridge Health Monitoring through Satellite InSAR and
Performance-Based System Design

or a global response of a structure. For instance, the strain drift is a
static monitoring parameter, which provides information about the local
structural response where the sensor is deployed [28]. In contrast, modal
parameters are related to dynamic structural properties, and aim to as-
sess the overall structural integrity [29]. A non exhaustive list of critical
monitoring state parameters, with the corresponding physical quantity to
be measured by means of the SHM system, is provided in Table 2.1.

Table 2.1: Key state parameters and observed quantities in SHM.

State parameter ¢ Observed quantity y

Long-term strain trend [ue/year] Strain, temperature
Long-term displacement trend [mm/year] Displacement, temperature
Long-term rotation trend [urad/year] Rotation, temperature
Instantaneous strain pe Instantaneous strain
Scouring depth [m] Scouring depth

Joint opening [mm] Joint opening

2w M O.S o

State parameters provide information about the structural state and
deterioration, usually with reference to their value in a baseline state.
Otherwise, they can be directly correlated to the presence of damage by
means of Damage Indicators (DIs) and compared to thresholds in order
to classify the structural state.

In physics-based approaches, the value of the chosen key state pa-
rameter or DI is inferred by means of monitoring observations, which
are related to the state parameter through an interpretation model.

Key state parameters and DIs should be sensitive to the specific phe-
nomena to monitor, and they should be robust with respect to other
sources of variability so that they would vary consistently only with the
level of damage. Nevertheless, a critical problem for damage identifica-
tion and structural state evaluation in SHM is the impact of operational
and environmental effects on the quantities measured by sensors. Live
loads as well as temperature changes (both daily and seasonal) can sig-
nificantly influence the structural response and increase the uncertainty
in the key parameters and DIs [30].

Overall, the implementation of PIs derived from SHM in BMS soft-
ware is still at an early stage of development.

Finally, PIs related to structural reliability and risk can be identi-
fied. They include structural reliability and risk, cumulative probability
of failure, survivor function, hazard rate function, structural redundancy,
structural robustness, structural resilience, and load rating factor [31].

Other types of indicators are non-technical, such as economic, so-
cial, and environmental indicators, which complement technical indica-
tors even though they are not systematically implemented in BMSs [32].
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2.2.3 Prognosis

The prognosis module in BMS allows predicting the future states of
bridges and their components by means of deterioration models, based
on their current condition. BMSs predominantly employ two categories
of deterioration models: deterministic or stochastic [33].

Deterministic models provide a single, definite solution for a given
set of input parameters and model structures. The outcomes of these
models are entirely determined by their inputs, assuming well-defined
and predictable cause—effect relationships, without explicit considera-
tion of uncertainty. For example, deterministic linear regression models
describe deterioration as linearly dependent on time.

In contrast, stochastic models explicitly account for the inherent un-
certainties involved in the deterioration process by incorporating random
variables. Stochastic models can be broadly classified into two main ap-
proaches: state-based models, such as Markov Chain models, which de-
scribe deterioration as transitions between discrete condition states [34];
and time-based (or duration) models, which focus on the probabilistic es-
timation of the time taken for a component to deteriorate from one state
to another, providing insights into the expected lifespans under varying
conditions.

2.2.4 Decision Making

The decision-making module in BMS aims to optimize and prioritize
maintenance activities identifying a priority ranking between different
structures. It exploits the outputs from the diagnosis and prognosis mod-
ules.

Two primary approaches for decision-making can be employed in
BMS: the top-down approach, which focuses on network-level optimiza-
tion, considering the mutual relations and common features among bridges,
minimizing the total costs of maintenance and delay of interventions,
and maximizing the road network performance [35]; and the bottom-
up approach, which concentrates on individual bridge maintenance opti-
mization, establishing minimum performance standards and suitable in-
tervention schedules for the bridge. The selection of the best approach
generally depends on the size of the network and also on the optimization
method employed.

Four different maintenance strategies are used in BMS, namely cor-
rective, preventive, condition-based and predictive [36]. Corrective main-
tenance includes repairs or replacements of faulty components typically
identified during inspections. Preventive maintenance consists of sched-
uled periodic activities aiming at reducing the risk of failure or severe
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performance degradation of bridges. Condition-based maintenance uses
data from diagnosis module (derived by means of visual inspections,
tests, and SHM systems) to track deterioration and make decisions based
on the current structural state. Predictive maintenance exploits progno-
sis module information to forecast future failures and to determine the
optimal inspection and intervention scheduling.

Optimization methods adopted in BMSs consist mainly in single-
objective optimization procedures to allocate resources and prioritize
maintenance interventions, including priority index ranking and cost-
benefit analyses. Priority index ranking approach evaluates and ranks
interventions both at an element and at a network level, based PIs cal-
culated in the diagnosis module [37]; cost-benefit analysis aims to iden-
tify the most economically advantageous maintenance strategy, consid-
ering life-cycle costs and incremental benefit analysis [38]. Societal,
functional, and environmental aspects could be taken into account using
multi-criteria [39].

2.3 Structural Health Monitoring advances in Bridge Man-
agement

The current practices in BMS are closely related to the methods adopted
for data collection.

Nowadays, the management of bridge stocks still often relies solely
on evaluating the BCIs based on visual inspections data, and visual in-
spections remain the most common method for data collection [40]. How-
ever, visual inspections come with notable drawbacks, including the sub-
jectivity of results and challenges in accessing hidden structural com-
ponents [13]. Moreover, condition ratings based on visual inspection
overlook the quantitative assessment of the bridge performance in terms
of key parameters representative of the structural state and deterioration
level [31].

In recent decades, the limitations of traditional inspection methods
have prompted infrastructure managers to adopt SHM systems, which
enable automated data acquisition and continuous assessment of struc-
tural conditions [10]. Thus, in the data collection and structural state
diagnosis context, bridge management will be increasingly based on in-
tegrated results of both SHM and visual inspections. Although key state
parameters and DIs extracted from SHM data have been extensively in-
vestigated by the research community, their systematic integration into
BMS frameworks requires notable regulation and standardization efforts
[14].

Following the catastrophic collapse of the Morandi Bridge in Genoa
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in 2018, Italy has made substantial investments in SHM systems for in-
frastructure [41]. ANAS, for instance, has launched a nationwide “Struc-
tural Health Monitoring Program” financed with 275 million euros [42].
From the research perspective, the FABRE national consortium supports
advances in bridge monitoring and management [43], while the ReLUIS
network actively contributes to developments in seismic and structural
monitoring [44]. At both national and international level, various ini-
tiatives and organizations continue to promote knowledge exchange and
innovation in SHM practices [45, 46].

Over the past few decades, several national guidelines have been
published in different countries with the aim of standardizing SHM prac-
tices. Their objectives are to improve understanding of the SHM process,
enhance awareness of its benefits, and establish consistent rules and pro-
tocols [47].

Among them, in Italy, the most relevant are the “Italian Guidelines
for Structural Health Monitoring UNI/TR 11634:2016” [48] and the “Ital-
ian Guidelines for Risk Classification and Management, Safety Assess-
ment and Monitoring of Existing Bridges” [49].

The first document provides general instructions for SHM system
users, designers, and installation/maintenance operators, aligning with
the international state of the art. It supports the conception, design, man-
agement, and use of SHM systems for civil infrastructure. It also defines
a general logical procedure for SHM system design, starting from the
definition of the monitoring objectives and the identification of the key
state parameters, followed by the selection of the physical quantities to
be measured, the preliminary configuration of the monitoring solution
(sensor technology, system architecture, acquisition methods), and the
selection of interpretation models. Finally, it includes the verification of
the SHM system’s accuracy requirements.

The second document focuses on the safety management of existing
bridges, with the aim of preventing unacceptable levels of deterioration
and reducing risk. It is structured into three main parts:

(1) inventory and risk classification of bridges;
(2) safety assessment;

(3) control and monitoring of existing bridges.

The guidelines adopt a multi-level approach consisting of six levels
(from Level O to Level 5). The core of the methodology is Level 2, which
involves the evaluation of the Attention Classes for each structure, based
on the collected inventory and inspection data. For bridges assigned to

25



Valeria Caspani - Advancing Bridge Health Monitoring through Satellite InSAR and
Performance-Based System Design

“High” or “Medium-High” Attention Classes, the installation of perma-
nent or periodic SHM systems is required. The data collected by the
systems must be analyzed to derive Performance Indicators (PIs). These
PIs are then used to trigger threshold-based alerts, to develop degradation
models and to update the Attention Class assigned to the bridge.

2.4 Current limitations

Despite the recent advances and development of SHM practices in bridge
management, it is important to also acknowledge the current limitations
of SHM systems and their systematic implementation within BMS.

First of all, there is no widely accepted procedure to demonstrate
both the return on investment and the effectiveness of the performance
of a SHM system. Nevertheless, an important research effort has been
mounted over the past decade toward the quantification of the return
on investment in an SHM system, for instance through the Vol from
Bayesian decision theory. The Vol can be compared with the cost of
the SHM system to establish if the SHM should be adopted: if the Vol is
higher than the corresponding cost, the SHM should be installed [50].

One of the greatest limitation to the extensive employment of SHM
technology consists in the lack of rules regarding the choices of tech-
nologies to use and, in general, the procedure to follow for monitoring
system design. The Italian Guidelines for Structural Health Monitoring
[48] propose a logical procedure for performance-based monitoring sys-
tem design. However, further effort is needed for supporting its practical
implementation by defining formulations for the calculation of the main
involved quantities (i.e., the monitoring demand and capacity) [51].

The cost for extensive on-site SHM instrumentation can range sig-
nificantly, limiting SHM application to strategically important or most
degraded bridges of a stock. Moreover, on-site permanently installed
SHM systems degrade in time and require continuous maintenance, mak-
ing it difficult to distinguish between anomalous data caused by out-
of-service systems, malfunctioning sensors, or actual structural damage
[52]. To overcome such limitations, network-scale device-free SHM ap-
proaches are gaining popularity to address scalability issues character-
izing classic contact-based SHM approaches. Among these, spaceborne
InSAR technology has emerged as a powerful solution to remotely mon-
itor long-term phenomena, providing velocity maps and millimeter-level
time series of displacements [53, 54]. Nevertheless, the application of
InSAR technology for infrastructure monitoring is still relatively new,
and requires significant research efforts for interpretation and integra-
tion within BMS frameworks. Furthermore, network-scale SHM appli-
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cation implies the collection of huge amounts of data that have to be
adequately managed and post-processed, highlighting the need for low-
input, speedy and accessible analysis approaches.

In conclusion, it is also important to specify that SHM systems should
not be considered as a replacement of visual inspections, but rather as an
integration. The combination of visual inspection data with SHM data
can enhance the understanding of the behavior of the bridge and allow
experts from different locations to virtually inspect the bridge for final
assessment. SHM techniques — especially the vibration-based ones — are
generally not sensible to superficial and small damages, which instead
can be directly detected by visual inspections. Moreover, the lack of ex-
perts proficient in the proper analysis of SHM processes still leads to a
preference among managers for more familiar data collection methods,
such as visual inspections [55].
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3. Multi-Temporal Interferometric Synthetic Aper-
ture Radar technology

In Chapter 2, recent advancements in Structural Health Monitoring (SHM)
within bridge management practices were discussed. Since the last few
decades, bridge management is increasingly relying on SHM data rather
than solely on visual inspection data [56]. Monitoring infrastructure
through permanently installed sensors has repeatedly demonstrated its
value in providing accurate and timely information on the state of bridges,
allowing to overcome several critical limitations of traditional visual in-
spection methods for data collection and structural condition assessment
[57].

Despite their advantages, contact-type SHM systems still present
critical limitations. As highlighted in Chapter 2, a major constraint lies
in the high cost of SHM instrumentation, which restricts its application
mainly to strategically important bridges. Additionally, these systems
are subject to progressive degradation over time, requiring continuous
maintenance and causing reliability issues [58].

To address these challenges, recent years have witnessed growing
interest in device-free remote sensing technologies, such as Synthetic
Aperture Radar (SAR).

This Chapter provides an overview of the most relevant theoreti-
cal background related to SAR imagery and the MT-InSAR processing
steps. This widely adopted technique, which enables the extraction of
highly accurate ground deformation measurements from SAR imagery,
was employed in this thesis, particularly in the studies presented in Chap-
ters 6 and 7. The purpose of this Chapter is to outline the fundamental
concepts underlying the use of MT-InSAR, with particular reference to
its application in bridge monitoring, while avoiding extensive technical
details and derivations that are available in specialized reference texts.
For further technical details on SAR Interferometry and SAR data pro-
cessing, readers are referred to [53, 59, 60, 61]. Finally, this Chapter
also highlights the main current challenges and limitations hindering the
widespread application of MT-InSAR for infrastructure monitoring, in-
cluding the issues addressed in my research work presented in Chapters
6and 7.

Some sections of this chapter include material and descriptions drawn
from my publications, "Interpretation of Bridge Health Monitoring Data
from Satellite InSAR Technology” and ”Bridge Monitoring with Satellite
InSAR Technology and Clustering Algorithm”, reported in Chapters 6
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and 7 of this thesis.

3.1 Basic SAR principles

Synthetic Aperture Radar (SAR) is an active remote sensing system that
acquires data by transmitting microwave pulses towards the Earth’s sur-
face and recording the backscattered returns. It operates within the invis-
ible portion of the electromagnetic spectrum, with wavelengths ranging
from millimeters to meters. The SAR sensor on the satellite emits the
pulse, and after it is emitted there is an “echo window” period where
the SAR sensor collects the backscattered echoes and stores the received
signals.

Current spaceborne SAR sensors typically operate in three wave-
length bands: L-band (24 cm), C-band (5.6 cm), and X-band (3.1 cm).
Unlike optical imaging systems, which rely on visible light waves, SAR
can penetrate clouds and precipitation, and can operate both day and
night, regardless of solar illumination. This makes it a powerful tech-
nology for providing high-resolution, all-weather imaging with global
coverage.

SAR satellites follow near-polar orbits, meaning they travel in a
North—South direction from pole to pole around the Earth. During the as-
cending pass, the satellite moves northward along one side of the planet,
while during the descending pass, it travels southward along the opposite
side.

SAR systems have a side-looking imaging geometry, meaning that
the sensor is looking sideways with respect to the flight direction. Fig-
ure 3.1 illustrates the typical SAR imaging geometry. The satellite orbit
direction is called Azimuth. The Nadir is the point on the earth surface
directly below the satellite sensor as it progresses along its line of flight
(vertical projection). The width of the acquired image is known as the
swath width, whereas the image length depends on the duration for which
the radar remains active. Depending on the SAR acquisition mode, the
swath width can vary from 30 km to 500 km. The satellite viewing di-
rection is defined as the Line of Sight (LoS), and has an inclination, 6, of
20 to 50 relative to the vertical (Nadir) [62].

The satellite revisit time is the time between any two acquisitions
of the same location, including those from adjacent orbital paths with
some overlap. The satellite repeat pass is the time interval between two
acquisitions of the same location by a satellite, where the satellite follows
the same orbital path. Revisit time or repeat pass determine the temporal
baseline, i.e. the time difference between two radar acquisitions of the
same area.
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Descending

Figure 3.1: Side-looking acquisition geometry of SAR satellites and ascending
and descending orbits.

The satellite position over the same area at two distinct times is never
perfectly identical, and the spatial separation between two antenna posi-
tions when acquiring data is defined as the spatial baseline. The projec-
tion of the baseline along the direction perpendicular to the satellite LoS
is the perpendicular baseline.

A SAR signal is a sinusoidal wave with a period of 27 radians, which
contains amplitude and phase information and has a specific wavelength.
SAR imaging is the production of a digital SAR image that is made up of
a two dimensional matrix formed by columns and rows of ’pixels’. The
two dimensions of the matrix correspond to the Range direction and the
Azimuth direction. The pixels are also known as ’resolution cells’ and
are associated with an area on the earth’s surface (the size of the reso-
lution cell varies with each satellite, depending on the wavelength and
bandwidth of the transmitted signal [63]). The value in each pixel comes
from the received radar reflections and is complex in nature, with the
real and imaginary parts of this complex value representing amplitude
and phase values respectively. Detailed information about SAR image
formation can be found in [64].
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3.2 InSAR

SAR Interferometry (InSAR) exploits the phase information of a pair
of SAR images acquired at different times over the same area to de-
tect motion of targets on the ground within the observed area [65, 66].
When features on the ground move, the distance between the sensor on
the satellite and the earth’s surface changes, thereby producing a corre-
sponding change in measured signal phase. The principle of InSAR is to
evaluate the changes in measured phase values that occur between two
repeat passes of the satellite (and therefore image acquisitions), and use
them to quantify ground movement in the direction of the satellite LoS.
Images acquired from the same flight track at different times are usually
used (along-track interferometry).

In the InSAR technique, an interferogram is produced by crossmul-
tiplying two SAR images acquired over the same area, pixel by pixel.
Through this operation, the common backscattered phase within each
resolution cell is removed, leaving a residual phase component that re-
flects the differential path delay of the signal between the two acquisi-
tions. Consequently, an interferogram is a complex image in which each
pixel encodes the phase difference between the two SAR observations
at the same ground location, ranging from - to + radians. This phase
variation appears in the image as a series of interferometric fringes, rep-
resented in Figure 3.2b as repeating colour cycles.
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Figure 3.2: (a) SAR image of the Po River Bridge site. (b) Interfer-
ogram generated by two radar images acquired over the Po River
Bridge site.

The process of along-track SAR interferometry was first explained
by Gabriel et al. [67]. The phase information ¢ of one image is directly
proportional to the two-way travel distance 2r between the radar sensor
and the target P, and inversely proportional to the wavelength A\ of the
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signal (Equation 3.1):
¢:277T'27“:477rr (3.1)
Let us assume that the observed ground target moves from point P
at time to to point P’ at time t; = tg + At along the satellite Line of
Sight (LoS), resulting in a change in the radar signal path length between
the two acquisitions, denoted as Ar. The corresponding phase variation,
Ag, between the two temporally separated acquisitions can be expressed
as in Equation 3.2:

=T Ar (3.2)

Figure 3.3 provides a schematic representation of along-track inter-
ferometry geometry (images taken on the same satellite flight track), us-
ing the symbols introduced in the text above.
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Figure 3.3: Schematic representation of InSAR monitoring of bridge deforma-
tions.

Nadir

In practice, however, the problem is more complex than the idealized
case described above. The interferometric phase A¢ does not only cap-
ture the displacement of the observed target (A¢gc ), but also includes
several additional contributions: the flat-earth component Agpeq,1p, the
topographic component A¢;qp,, the atmospheric delay A¢gsp,, and a
noise term Adppise:

A¢ = AQﬁdef + A(bearth + A¢t0po + A(Zsatm + A¢noise (33)

The components A¢eqrip, and Agyqp, arise from differences in the
apparent Earth curvature and local topography between two SAR acqui-
sitions of the same area, due to the slightly different satellite positions
with respect to its nominal orbit when revisiting the scene.
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The atmospheric phase component A¢,,, reflects signal delay caused
mainly by differences in atmospheric conditions, i.e. water vapor con-
tent, between the two acquisition times.

Finally, the noise component Agy,;se accounts for phase variations
possibly introduced by spatial and temporal decorrelations of the radar
signal, co-registration inaccuracies, orbital errors, changes in soil mois-
ture, and residual errors related to the imperfect estimation of the other
phase components.

To evaluate the actual displacement signal component, all additional
phase contributions in Equation 3.3 must be estimated and removed. The
terms A¢eqrn, and Agyop, are usually removed by using precise orbital
information and a Digital Elevation Model (DEM) of the study area.
However, when only a pair of SAR images is used to generate a sin-
gle interferogram, it is challenging to correct atmospheric effects and
eventual signal decorrelations.

Multi-interferogram approaches —namely, Multi-Temporal (MT)-InSAR
techniques— allow all these undesired components to be modelled and
thus removed, thereby improving the accuracy in the estimation of the
target deformation phase. This concept is discussed in greater detail in
the following section (Section 3.3).

3.3 MT-InSAR

In Section 3.2, InSAR technique for extracting ground deformation from
the signal measured by SAR sensors was described. This technique in-
volves comparing a pair of SAR images and allows for measuring tar-
get displacements with centimeter-level accuracy [53]. However, when
monitoring infrastructure, the observed deformations can be even smaller—
in the order of a few millimeters—depending on the type of phenomenon
causing the movement, and therefore higher accuracy is required.

InSAR technique can be further enhanced to achieve millimeter-level
sensitivity by analysing long series of SAR images using a set of ad-
vanced signal processing methods, known as Multi-Temporal InSAR
(MT-InSAR) [68]. As a result, data acquired by SAR satellites can be
effectively used to monitor not only ground movements but also tiny dis-
placement of structures, dams, buildings, bridges and more [69].

In MT-InSAR approaches, multiple interferograms are generated by
comparing image pairs sequentially until the entire stack of images has
been processed. This allows for the analysis of the temporal evolution
of the signal in the observed area, thereby enabling the separation of
ground motion from atmospheric disturbances and reducing decorrela-
tion effects.
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In most MT-InSAR applications, a linear model of ground motion
is typically assumed, but nonlinear models can also be employed [70].
In addition, seasonal thermal expansion effects can be modelled and
estimated within the MT-InSAR processing framework. This is possi-
ble because multiple SAR acquisitions collected on different days over
the same area can capture seasonal variations in environmental condi-
tions while remaining unaffected by diurnal temperature and humidity
changes, as SAR satellites are programmed to pass over the same area at
a fixed local time in Coordinated Universal Time (UTC) [71].

MT-InSAR encompasses various methods such as Small Baseline
Subset (SBAS), Persistent Scatterer InNSAR (PSInSAR), Quasi-PS, Itera-
tive Persistent Terrain Analysis (IPTA), SqueeSAR, Persistent Scatterer
— Distributed Scatterer (PS-DS). Among those, the most established for
obtaining high-accuracy results is undoubtedly the approach introduced
by Ferretti et al., namely the Persistent Scatterer INSAR (PSInSAR) [54].
This approach only processes a subset of image pixels corresponding to
highly reflective ground targets that maintain stable backscattering over
time, therefore referred to as Persistent Scatterers (PS). Throughout this
thesis, the term MT-InSAR will specifically refer to this technique.

Thanks to their geometry and dielectric characteristics, man-made
structures such as bridges, buildings, monuments, and metallic elements,
as well as natural outcrops like exposed rocks, represent ideal PS candi-
dates. Conversely, targets subjected to significant variability or produc-
ing weak radar returns, such as vegetation and water bodies, typically
do not generate PS. In urban areas, the density of PS can range from
several thousands to tens of thousands per km?, while in non-urban envi-
ronments PS can still be abundant along infrastructures such as viaducts,
roads, and railways [72]. These targets are characterised by strong radar
reflections, which dominate over weaker scatterers within the same pixel,
for instance vegetation or water.

The main crucial steps involved in MT-InSAR workflow are the fol-
lowing:

(1) Connection graph. The combination pairs of SAR images used
to generate the interferograms is defined. The interferograms to be
generated are based on the relationships established in this step by
means of the connection graph (Figure 3.4). The master image of
the dataset is selected. It is the barycentre of the connection graph
and minimises the temporal and normal baselines, reducing the
temporal and spatial decorrelation between images. The master
image is the reference image to which all other (slave) images are
co-registered and relative to which displacements are measured.
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Figure 3.4: Example connection graph with red marks highlighting
dates of first, master, and last images.

Coregistration. The SAR images are coregistered, meaning that
they are spatially aligned using the amplitude values within the
SAR image pixel. The quality of the interferograms is higher when
the images are correctly aligned, reducing A¢eqrtp, (Equation 3.3).

Interferogram generation. Interferograms are generated to mea-
sure the phase difference between SAR images (master-slave pairs).
The result is a pattern of fringes containing the information on
the relative phase changes between the two images (Figure 3.2b).
Each cycle of colour represents an interferometric phase cycle
(modulo 27, range from —7 to +).

Topographic phase removal. The topographic phase term Agyopo
(Equation 3.3) must be removed to isolate Aggs. In order to do
s0, the topographic phase is derived from another data source, i.e.
a Digital Elevation Model (DEM).

Atmospheric-phase removal. The atmospheric phase component
of each image is primarily due to the water vapor content in the
troposphere which the SAR has to pass through and varies from
image to image (and also within a single image). The removal
of A is critical because the atmospheric phase contribution
is one of the primary sources of error in InSAR data. An initial
selection of pixels related to potential candidate targets (the PS) is
processed by connecting them in a spatial graph and estimating the
main parameters affecting the interferometric phase along the con-
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nections (namely, deformation velocity, thermal expansion, and
height of the targets). After this estimation, the residual phase sig-
nal is used to estimate and remove the Atmospheric Phase Screen
(APS) contribution from the original SAR images [73].

(6) Geocoding and Persistent Scatterer Selection. Once the APS
phase contribution is removed from the images, a higher number
of pixels can be analysed with the MT-InSAR algorithm to derive
the parameters with respect to a common reference point (RP)-a
specific PS used to anchor the estimated deformation time series.
The RP is selected based on high temporal coherence and limited
deformation over time. After estimating the parameters, PS can be
filtered based on a limit temporal coherence value (usually 0.6 or
0.7). The temporal coherence is a quality metric of the extracted
displacement time series with respect to the model used and ranges
from O (low quality) to 1 (high quality). Finally, deformation time-
series can be extracted for every PS based on the filtered phase
data, and the selected PS points are mapped onto commonly used
earth coordinates (Figure 3.5).
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Figure 3.5: Example of (a) map of PSs selected by means of MT-
InSAR analysis over the area of the Po River Bridge; (b) focus on
the PSs on the bridge.

The final outcomes of MT-InSAR analysis include, for each identi-
fied PS: the deformation time-series; the average velocity of deformation
time-series; the geospatial information (geographic coordinates, eleva-
tion); the temporal coherence.

Displacements are relative in time and space. In time, they are rel-
ative to the date of the master image; in space, they are relative to the
displacement of the common RP. Note that deformations mean displace-
ments along the satellite LoS. A negative deformation means that the PS
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moves away from the satellite, while a positive deformation means that
the PS moves towards the satellite.

The quality and reliability of MT-InSAR measurements is commonly
expressed through the temporal coherence parameter, (pg (Equation 3.4):
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where N is the number of images used in the processing, A¢,, is the
measured interferometric phase of the n™ image, and A1, corresponds
to the modelled interferometric phase of the same image, obtained from
the estimated parameters of the MT-InSAR analysis. The temporal co-
herence ranges from O to 1; higher values indicate greater consistency
between observations and the adopted phase model, and therefore corre-
spond to more accurate and reliable displacement estimates.

3.4 Accuracy of MT-InSAR derived displacements

The capability of MT-InSAR to reach a millimetre scale accuracy ac-
curacy on single deformation measurements depends on the data qual-
ity and the joint use of processing parameters and methodologies. In-
deed, the accuracy of MT-InSAR results is inherently affected by several
sources of uncertainty related to both the SAR data and the MT-InSAR
processing chain.

The technological parameters that affect the quality of MT-InSAR re-
sults include the wavelength and bandwidth of the SAR signal (decreas-
ing from L-band, wavelength ~ 23 cm, to C-band, wavelength ~ 5.5
cm, and to X-band, wavelength ~ 3.1 cm), the revisit time, the total
observation period, the spatial resolution, and the orbital tube.

The deformations and deformation rates accuracy is higher for small
wavelengths, high spatial resolution (small pixels dimension in Range
and Azimuth directions), short revisit times and long monitoring periods
(high number of acquisitions) [63, 73]. The height elevation measure,
which impacts on the product geocoding (i.e. on the final geo-location
precision of the PS), depends also on the orbital tube size. The density
of measurable PS targets on the ground is mainly influenced by the spa-
tial resolution: high-resolution data lead to a significant increase in the
detectable number of stable PS.

In general, the X-band missions provide the best performance in
terms of accuracy, especially for limited observation time spans. The use
of small wavelengths (X-band) is particularly necessary in applications
measuring small displacement variations, such as infrastructure moni-
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toring, allowing to capture variations in the order of a few millimetres
between satellite acquisitions.

Primary sources of error that arise in the MT-InSAR processing chain,
which may lead to noisy or biased results, include:

* phase ambiguity, when the phase unwrapping process does not
occur correctly due to signal amplitude exceeding the 27 phase
variation range between successive satellite passes;

» temporal decorrelation, caused by changes in surface properties
between acquisitions, which can degrade coherence and reduce the
number of reliable PS;

» atmospheric phase delay, where uncorrected atmospheric signals
introduce phase shifts unrelated to ground motion;

 topographic phase removal, where inaccuracies in the DEM can
introduce biases in both displacement estimates and geolocation;

¢ baseline estimation, where incorrect estimation of the baseline
between image pairs can affect phase computation and PS selec-
tion.

The potential for MT-InSAR technique to provide submillimetric
measurement accuracy has previously been demonstrated.

Field experiments have verified the accuracy of MT-InSAR measure-
ments, confirming the capability of MT-InSAR to reach millimetre-scale
accuracy [74, 75]. Ferretti et al. [68] designed an experiment using two
dihedral reflectors which were moved a few millimetres between SAR
acquisitions, and found that the standard deviation between InSAR mea-
surements and ground truth was 0.75 mm in the vertical direction, and
0.58 mm in the horizontal direction.

Moreover, several authors have assessed the accuracy of MT-InSAR
measurements through real case studies, by comparing SAR-derived data
with ground-based observations obtained using other surveying and mea-
surement techniques, such as topographic monitoring systems and GNSS.
These studies demonstrate that the standard deviations between X-band
MT-InSAR displacement measurements and on-site measurements is typ-
ically in the range of 1-3 mm [76], [77].

3.5 SAR missions and datasets

Since the early *90s, hundreds of SAR satellites have been orbiting the
Earth, providing weather-independent imagery of the Earth with differ-
ent radar frequencies and wavelength, resolutions, acquisition modes and
revisit times. Some of these satellites are no longer active, but have pro-
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vided extensive data archives that remain valuable for investigating past
deformation processes and historical analysis.

Figure 3.6 presents an up-to-date overview —to the best of the au-
thor’s knowledge— of the main past, current, and upcoming satellite SAR
missions, specifying for each sensor the operating frequency band, the
revisit time, and the spatial resolution.

Ongoing SAR missions include COSMO-SkyMed, TerraSAR-X, Sentinel-
1, and many others. These second generation missions can achieve meter-
scale spatial resolutions with revisit times of only a few days [78].

Latest satellite missions, such as ICEYE and Capella, along with fu-
ture scheduled missions, will soon be able to deliver data at sub-meter
resolution and with revisit times on the order of hours, enabling the po-
tential for near real-time monitoring with SAR technology [79].

This research makes use of X-band data (3.1cm in wavelength), as
these satellites collect SAR images with a higher accuracy than L-band
or C-band satellites. Specifically, I analysed satellite images acquired
by the COSMO-SkyMed mission operated by the Italian Space Agency
(ASI) in the Stripmap HIMAGE swath mode, with a spatial resolution
of 3x3 m, covering large regions of 40x40 km within a single satellite
scene.

This high-resolution imagery is provided free of charge to the sci-
entific community for research purposes upon submission of a scientific
proposal, while most X-band missions are commercial satellite constel-
lations, and so imagery must be either purchased from the provider or
granted for academic research use.
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Figure 3.6: Timeline of past, present and future SAR missions between
1991 and 2025, and their main features.

3.6 Applications of InSAR to bridge monitoring

InSAR has emerged as a powerful tool for monitoring subsidence, up-
lifting, and landslides on a large scale. Among recent research contribu-
tions, Yu et al. [80] applied MT-InSAR combined with principal com-
ponent analysis (PCA) to analyse long-term surface deformations in the
Liaohe oilfield. Ghaderpour et al. [81, 82] used InSAR time-series to
monitor slow-moving landslides in Central Italy and to investigate the
impact of river flow and climate variations on ground deformation in an
industrial area of the Sacco River Valley.

In recent years, the research community has also started to investi-
gate the possibility of using InSAR technology for monitoring the re-
sponse of civil structure and infrastructure.

As far as buildings are concerned, visual inspection campaigns were
conducted in [83] to confirm the reliability of satellite technology in de-
termining differential movements that would decrease serviceability, and
the negative effects of the subsidence phenomenon have been observed
in [84]. The reliability of structural monitoring of dams through InSAR
technology was studied by Di Martire et al. [85], even though it was
carried out by first-generation sensors (ENVISAT) with low spatial/tem-
poral resolution. However, this study encouraged monitoring dams with
higher spatial resolution sensors, as in the case of [86]. InSAR has also
been used for monitoring ground surface movements following the con-
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struction of underground tunnels. Two applications are reported by Barla
et al. [87]: the first emphasises the integration between InSAR monitor-
ing and traditional monitoring; the second studies the temporal evolu-
tions of settlements along a landslide slope hosting two tunnels using
Multi-Temporal InSAR. Regarding roads and railways, the possibility
of large-scale monitoring of these structures through InSAR is demon-
strated in [88]. Similarly, Macchiarulo et al. [89] presented a completely
automated monitoring solution for road networks, highlighting possible
damages or unexpected displacements.

Delving into the published studies on bridge monitoring using In-
SAR technology, Selvakumaran et al. [90] extracted important informa-
tion regarding the effects of bridge scour. Through the analysis of histori-
cal series, the authors observed unexpected behaviour of the pier affected
by scour already one month before its collapse. Selvakumaran et al. [91]
also combined InSAR with traditional instrumentation, including total
stations and sensors installed on the bridge, for the monitoring of Wa-
terloo Bridge. DePrekel et al. [92] studied the progressive displacement
of some bridges in California (USA), observing how these movements
were not attributable to structural defects but were caused by subsidence
phenomena resulting from the continuous water pumping from the sur-
rounding aquifers. Milillo et al. [93] demonstrated that it was possible
to measure past anomalous deformations of the Morandi Bridge (Italy)-
which collapsed in 2018-using archived InSAR images, highlighting a
continuous increase in the relative deformation between the pier and the
deck of this bridge since 2015. Another interesting study, published by
Cusson et al. [24], utilises satellite monitoring as an early warning tool
for unexpected displacements.

Recent studies highlighted the potential of satellite data to accu-
rately detect long-term displacement trends and to complement tradi-
tional structural monitoring systems [94, 95]. An attempt to reconstruct
the two-dimensional displacement field was conducted by Farneti et al.
[96], acquiring displacement information from both ascending and de-
scending geometry for the Albiano-Magra viaduct, which collapsed in
2020. In this direction, Giordano et al. proposed an approach for the
quantification and reductions of uncertainties in InSAR-derived displace-
ment measurements accounting for spatial and temporal resampling [97].
Quga et al. [98] developed a regional-scale methodology to detect anoma-
lies across multiple bridges using InSAR displacements and environmen-
tal data.

The number of scientific publications focusing on InSAR-based SHM
of civil infrastructure is increasing exponentially, as well as the special
sessions on this topic in international conferences.
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3.7 Current limitations

Although numerous recent studies have demonstrated the great potential
of MT-InSAR for monitoring infrastructure assets, its routine and oper-
ational use still faces several obstacles. This section discusses the main
challenges that currently hinder the widespread adoption of MT-InSAR
as a tool for structural monitoring. These challenges can be broadly di-
vided into two categories: (i) technological constraints related to SAR
sensors, data, and the MT-InSAR processing chain, and (ii) practical and
operational issues that limit the integration of MT-InSAR into everyday
bridge management procedures and frameworks adopted by infrastruc-
ture managers. The main challenges belonging to the first category are
discussed in 3.7.1, 3.7.2,3.7.3, and 3.7.4. The main challenges belonging
to the second category are discussed in 3.7.5 and 3.7.6.

In my research work, particularly in the studies presented in Chapters
6 and 7, I mainly focus on proposing solutions to the second category
of challenges, while remaining mindful of the first, which are essential
considerations when employing MT-InSAR for SHM applications.

3.7.1 Availability and location of PS

Regarding the technological limitations, one of the primary constraints of
MT-InSAR concerns the availability and spatial distribution of PS within
a study area. In fact, the location and number of PS are not known prior
to performing the MT-InSAR analysis [99]. This represents a significant
drawback for structural monitoring applications, where it is essential to
identify relevant PS and associate them with specific structural elements
or other physical features on the ground in order to effectively assess the
structural behaviour. The availability of PS mainly depends on the stable
reflectivity of the targets on the ground over time. Because of their ge-
ometry and materials, bridges, roads and buildings often produce a large
number of PS. Nevertheless, in certain situations, the long-term stability
of the radar backscatter from these structures can deteriorate, resulting
in a partial or total loss of PS. This may occur due to factors such as
snow cover, flooding, maintenance activities, or excessive structural dis-
placements [100]. Another key factor influencing PS availability is the
sensor’s spatial resolution. When using low-resolution SAR imagery—
meaning large pixels dimensions—multiple reflectors may fall within the
same pixel, which can significantly reduce the number of identifiable PS.
This limitation is particularly relevant for monitoring small-scale struc-
tures such as short-span bridges, where the resulting PS density may be
insufficient for reliable structural state assessment [101].
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3.7.2 One-dimensional viewing geometry

Another important limitation of SAR measurements lies in their one-
dimensional viewing geometry. Specifically, SAR sensors can only mea-
sure the target’s displacements projection along the direction of the satel-
lite LoS, rather than its full three-dimensional motion. Thus, data ac-
quired from a single viewing geometry cannot fully capture the actual
magnitude and direction of the real target deformation, and LoS dis-
placements generally underestimate the actual motion [102]. Due to the
generally low values of the incidence angle of SAR satellites (around
0 ~ 30°C), MT-InSAR is mostly sensitive to vertical displacements
rather than horizontal displacements. In addition, since SAR satellites
travel north-south along near-polar orbits, they are insensitive to north-
south movements, which are always perpendicular to the LoS. As a re-
sult, north—south-oriented structures are disadvantaged, as their longitu-
dinal motion cannot be retrieved from SAR data.

To avoid misunderstanding, incorrect interpretation, or oversimplifi-
cation of SAR-derived displacements, the analysis and interpretation of
MT-InSAR data should always take into account the expected structural
motion, the possible loads and actions affecting the structure, the topog-
raphy and features of the area surrounding the structure within the SAR
image, and the geometry and orientation of the observed structure [103].

In some cases, such prior considerations about the expected kine-
matic can be used to make assumptions regarding the direction of the
structural deformation, thus simplifying the mathematical formulations
for the extraction of displacements along the main directions of the struc-
tural elements (e.g. vertical, transverse, longitudinal) from LoS mea-
surements. For example, possible different assumptions on the expected
structural movements, depending on the acting loads and on the static
scheme, may be: (a) exclusively vertical displacements; (b) exclusively
horizontal displacements; (c) exclusively longitudinal displacements. The
schematic representation of such assumptions and their corresponding
mathematical formulations for deriving structural displacements from
LoS measurements are illustrated in Figure (see Figure 3.7).

When no simplifying assumptions can be made regarding the direc-
tion of the expected structural displacements, such as those illustrated in
Figure 3.7, the limitation of one-directional LoS measurements could be
in theory overcome by combining InSAR images acquired from oppo-
site viewing geometries (i.e., ascending and descending). By processing
both ascending and descending datasets covering the same area over the
same time span, it is possible to derive the vertical (up—down) and hor-
izontal (east—west) components of deformation, thereby reconstructing
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Figure 3.7: Projection of bridge displacements measured along the LoS (dr..s) onto different direc-
tions based on assumptions.

the three-dimensional motion without requiring any assumptions [104].
Indeed, the extracted descending and ascending LoS measurements can
be used to solve the system of Equations 3.5, 3.6 for the calculation of
up-down and east-west displacements:

1 dLoS desc dLoS asc
deas —west — & . > - . 3.5
! ) <sm(9desc) sin(Ogse) (3.5)

1 dLoS desc dLoS asc
du —down — § . - 3.6
p—d 2 <cos(9desc) c0$(0gsc) (3.6)

However, this approach presents significant drawbacks. The PS points
identified in the ascending and descending datasets are not necessarily
the same and may differ in geolocation [105]. Moreover, satellites with
ascending and descending orbits pass over the same area at different
times of the day, a few days apart from each other, acquiring measure-
ments affected by different temperature and environmental conditions
[106]. As a consequence, to combine datasets from different viewing
geometries, pixels in each dataset need to be interpolated both in space
and time. Such spatial and temporal resampling inevitably introduces
considerable uncertainty into final estimates of structural displacements
reconstructed from InSAR data [97], limiting the applicability of this
strategy.

3.7.3 Phase unwrapping problem

To continue, one of the most critical technological limitations of InSAR
lies in the phase unwrapping problem. Owing to the periodic nature
of the radar phase, MT-InSAR observations are inherently ambiguous,
as the measured phase is wrapped within the interval from —m to 4.
When, for two acquisitions compared during MT-InSAR processing, the
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differential deformation phase exceeds this range, the deformation can-
not be estimated unambiguously. The problem of resolving such phase
ambiguity is called phase unwrapping. Without careful treatment of this
issue, large or rapid structural deformations may not be properly detected
[107]. Furthermore, substantial displacements can cause decorrelation
and a consequent loss of temporal coherence, particularly over long ob-
servation periods or in areas undergoing significant surface changes. The
limit of 7 on the differential phases corresponds to a maximum differen-
tial deformation of A\/4 over two consecutive SAR acquisitions (Equa-
tion 3.2). Thus, using an X-band SAR sensor with a wavelength of 31mm
limits the movements that in theory can be unambiguously defined to
7.75mm between acquisitions.

Due to phase ambiguity, not only the movements that can be mea-
sured between two satellite acquisitions, but also the deformation rate
that can be estimated by means of multiple images are limited. The max-
imum detectable velocity depends on the assumption of a deformation
model. For example, for a linear model, Equation 3.2 can be written as
in Equation 3.7 [108]:

A¢:%§Ar:%§AT-D (3.7)

where D represents the average displacement rate between the first
and last acquisition, and AT denotes the satellite repeat interval. Ac-
cordingly, the maximum deformation rate for a linear model can be writ-
ten as in Equation 3.8:

)\/4
D=7 (3.8)

Under this assumption, considering for example the COSMO-SkyMed
mission specifics (repeat interval of 16 days and wavelength of 3.1cm)

the maximum differential deformation rate measurable using a X-band
SAR sensor is 17.7cm/year.

3.7.4 Geometric distorsions

Finally, one last significant technological constraint concerns the geom-
etry of SAR data acquisition. The three-dimensional space captured by
the satellite is projected onto a two-dimensional radar coordinate system
defined by slant range and azimuth. This projection can introduce dif-
ferent types of geometric distortions, including layover, foreshortening,
and shadowing [60]. These issues can sometimes be mitigated by using
datasets acquired from different looking orbits, as areas that are obscured
or shadowed in one geometry (e.g., ascending pass) may become visible
in the other (e.g., descending pass).
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3.7.5 Cross-domain expertise and studies

Regarding operational limitations hindering the application of InSAR for
SHM purposes by infrastructure operators, a critical aspect consists in
the need for specialised processing skills for the extraction of deforma-
tions from series of SAR images. This remains a barrier preventing the
widespread adoption of MT-InSAR data within the civil engineering in-
dustry [103].

However, while a consolidated knowledge and experience in MT-
InSAR technology and data processing is crucial to secure reliable re-
sults, a deep knowledge of the processes governing structural deforma-
tion is also fundamental to correctly interpret MT-InSAR measurements
for structural monitoring applications. Expertise in SAR signal process-
ing and expertise in structural assessment usually belong to distinct pro-
fessional paths (i.e., radar data analysts and civil engineers), making it
difficult to find experts or technicians with interdisciplinary knowledge
spanning both fields.

As a consequence of such separated expertise, nowadays, most cur-
rent research works on MT-InSAR applications for SHM can be divided
into two categories. The first addresses the estimation of displacement
time series of PSs identified on the civil infrastructure, focusing on the
InSAR data processing technique and the mathematical aspects of the
algorithms exploited, without giving any interpretation of data from the
structural standpoint (e.g., kinematic behaviour of the structure, struc-
tural response to loads, identification of abnormal variation in extracted
time series possibly related to structural damages or evolving degrada-
tion). The second addresses the interpretation of the PS displacement
time-series relying on ready-to-use processed MT-InSAR results, pay-
ing little or no attention to measurement accuracy or the possibility that
some patterns visible in the time-series were related to the parameters
employed and choices taken in the data analysis. It is important to cover
this gap by addressing both MT-InSAR processing steps and engineer-
ing interpretation of results for bridges. This lies the motivation for my
research study presented in Chapter 6.

3.7.6 Large volume of data

Finally, a critical limitation to the widespread of MT-InSAR for SHM of
bridges and its incorporation in BMS frameworks consists in the need
for time-consuming analyses in order to extract meaningful structural
information from the large amount of data generated by MT-InSAR [&9].

The number of PS extracted by means of MT-InSAR can potentially
be quite high (thousands of PS), depending on the size and quality of
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the SAR dataset imagery. The higher their number, the denser is the in-
formation on the deformation field of the area of interest. However, the
higher their number, the longer the time required by the data analyst to
discriminate PS located on the structure to be monitored, and to analyse
and compare their displacement time-series with those of the surround-
ing PS.

To overcome this problem and support the integration of MT-InSAR
in BMS, there is the need for automated methods that reduce the user
effort to extract and interpret information from large MT-InSAR datasets.
This forms the basis for my research study presented in Chapter 7.
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In Chapter 2, recent advancements in Structural Health Monitoring (SHM)
within bridge management practices were discussed. Since the last few
decades, bridge management is increasingly relying on SHM data rather
than solely on visual inspection data [56]. Monitoring infrastructure
through permanently installed sensors has repeatedly demonstrated its
value in providing accurate and timely information on the state of bridges,
allowing to overcome several critical limitations of traditional visual in-
spection methods for data collection and structural condition assessment
[57].

Despite the growing interest in SHM, encouraged by recent guide-
lines [49, 48], several challenges still prevent its effective use and inte-
gration into bridge management practice. As highlighted in Chapter 2,
one of the main limitations hindering the systematic implementation of
SHM lies in the lack of clearly defined and standardised approaches for
the design of monitoring systems. Therefore, further developments in
this direction are required.

In the literature, most studies on monitoring system design focus on
the problem of optimal sensor placement, addressing the allocation of
sensors in few optimal locations, particularly in vibration-based moni-
toring applications [109]. Papadimitriou et al. [110] proposed a method
based on the minimization of information entropy, defined as the pa-
rameter that quantifies the uncertainty of a random variable. Udwadia
[111] proposed a method based on the maximization of the Fisher in-
formation matrix norm. Fedorov and Hackl proposed the individuation
of the optimal sensor configuration in the one that minimizes the coeffi-
cients of the variance and covariance matrix [112]. More recently, Wei
et al. proposed an optimal sensor placement strategy which accounts for
both modal parameter identification uncertainties and possible structural
changes [113]. Generally, in all of these problems, the optimal choice of
sensors configuration is based on the minimization of a value represent-
ing the uncertainty, maximizing the information gain [114]. For compre-
hensive and up-to-date reviews of optimal sensor placement techniques
for bridge monitoring and different optimization criteria, the reader can
referto [115, 116].

On the other hand, recognising that the primary purpose of SHM is
to support decision-making, several approaches for evaluating the conve-
nience of monitoring systems based on the principles of Expected Util-
ity Theory (EUT) and Value of Information (Vol) have been formalised
over the past decades by various authors [117, 118]. Indeed, in the SHM
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context, the Vol represents the a priori difference between the expected
costs before and after acquiring monitoring information, i.e. the mone-
tary amount saved each time the operator consults the monitoring system
[119]. These concepts can be applied to the monitoring system design
problem: a monitoring system is considered economically convenient,
and therefore worth installing, if its Vol exceeds the disutility, which
corresponds to the cost of the monitoring system itself.

The Vol concept was originally introduced by Lindley [114] and later
formalised by Raiffa and Schlaifer [120] and DeGroot [121]. Recent
contributions have extended the Vol framework to account for many as-
pects relevant to SHM applications. For instance, recent studies have
investigated how sensor data quality issues, including measurement drift
and other sources of errors, affect the value of monitoring information
[122, 123]. Makhoul et al. have explored a decision-making process
for bridge management based on the Value of Information Quality As-
sessment [124]. The Vol framework has also been applied to quantify
the economic benefit of SHM information for specific hazard scenarios,
such as bridges exposed to flood-induced scour [125].

To summarise, when deciding whether to install a tentative monitor-
ing system, two key aspects should be taken into account: (i) whether
the information provided by the system sufficiently improves the man-
ager’s knowledge of the structural state, and (ii) whether this information
leads to economic benefits that outweigh the system’s cost by enabling
informed, cost-effective decisions. The definition of these crucial as-
pects lays the foundation for the Performance-Based Monitoring System
Design method, first formulated in [51].

The rationale and key steps of the Performance-Based Monitoring
System Design approach are summarised in this Chapter. This approach
is fully consistent with the monitoring design prescriptions proposed by
the recent Italian Guidelines for Structural Health Monitoring (UNI/TR
11634:2016) [48]. The aim of this Chapter is to present the method’s
main principles and underlying logic, without delving into the detailed
mathematical formulations of the general concepts on which the method
is based, such as probability theory, Bayesian inference, EUT, and Vol.
Readers may refer to appropriate sources for a deeper understanding of
these topics: Bayesian logic and probability theory have been extensively
studied and applied to problems of inference under uncertain conditions
[126, 127], while a comprehensive review on information value and de-
cision analysis in SHM is provided in [128]. Finally, this chapter also
outlines the limitations of the Performance-Based Monitoring System
Design method, as well as the critical aspects that require further re-
search to enable its widespread adoption by engineers and practitioners
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in the daily design of monitoring systems, including the issue addressed
in my research work presented in Chapter 8.

4.1 Rationale of the approach

SHM systems aim to provide useful information to structural managers
to increase their level of knowledge on the structural condition and allow
them to make better decisions on the structure management, by integrat-
ing this information within a BMS or Decision Support System (DSS).
However, SHM systems components such as sensors and reading units
for the acquisition of information on the structure behaviour come with
a cost, and the effectiveness of data is not guaranteed due to the uncer-
tainties involved in the process of evaluating the structural state.
Engineers typically approach monitoring design differently from struc-
tural design. In designing a structure, a civil engineer follows a well-
established rational procedure codified by standards. In contrast, when
an engineer designs a monitoring system, the approach is often heuris-
tic with performance evaluation based on experience or common sense,
rather than on quantitative analysis. Nevertheless, in logical terms, the
processes of monitoring design and structural design are equivalent, and
their analogies are summarized in Table 4.1.

Table 4.1: Analogy between structural design and monitoring system design.

Semi-probabilistic structural design

Performance-based monitoring design

Scope

Design target
Tentative solution

Structural stability

Design loads A
Materials, geometry, static scheme

Knowledge of structural state parameters with
appropriate confidence

State parameters 6

Sensors types, layout, specifications (accu-
racy, frequency, range)

Demand Effects of design loads S Limit uncertainty in the knowledge of struc-
=2
tural state parameters Thly
Model Relationship between material properties and Relationship between monitoring observa-
structural capacity tions and state parameters
Capacity Resistance (maximum effects of loads before Expected uncertainty of the structural state
: 2
failure) R parameters oy, .
- =2 2
Limit state S<R o1y > Topp — 72 < 2
0y 7294)17
. . R 5 . . Uﬂ\y
Performance metric Safety factor = 5 Effectiveness index = —;
o,
6.pp

Before commenting and further explaining the content of 4.1, let us
define the basic concepts of sensor, key state parameter, observations,

and model:

* Sensor: any device which functions as a source of information

[129];
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* Observations y: physical quantities observed by the monitoring
system, usually organized in a vector.

* Key State Parameter §: a parameter quantifying the state of the
structure, such as the physical/mechanical properties, structural
response, loads, or damage level. It can be specified by a discrete
variable or a class (for example, damaged/undamaged), by con-
tinuous parameters (for example, the Young modulus of concrete,
the opening of a crack), or by a combination of the two. Examples
of common structural state parameters in bridges monitoring are
provided in Table 2.1.

* Model f(0): the way we assume the observations are correlated to
the state parameters.

In structural design, the scope is to ensure that the structure can with-
stand the design actions with an appropriate safety margin. Once the ten-
tative design solution and design loads are identified, the process consists
in the following phases: the analysis of the design loads effects on struc-
tural elements to obtain the demand, the evaluation of structural capacity
by means of mechanical models, and finally the comparison between de-
mand and capacity to verify if the limit state is satisfied.

Analogously, the design of an SHM system aims to ensure that the
information acquired can sufficiently reduce the uncertainty associated
with the assessment of key structural state parameters.

The process requires the definition of specific monitoring objectives
depending on the type of information to be obtained, leading to the iden-
tification of relevant state parameters. Each state parameter is associated
with a maximum acceptable uncertainty in its estimation. These require-
ments constitute the monitoring demand. Then, the designer must iden-
tify a tentative technical solution for measuring the physical quantities
needed to derive the state parameters. This solution must be compatible
with available technologies and comply with the budgetary constraints
set by the infrastructure operator. Based on a model describing the re-
lationship between state parameters and monitoring measurements, the
process continues with the calculation of the expected uncertainty of the
key state parameters. This value represents the monitoring capacity, i.e.
the expected performance of the system evaluated before installing it.

The design is satisfactory if the monitoring capacity obtained with
the tentative sensor technology to be employed is equal or better than
the monitoring demand. The verification of this condition enables the
selection of the most appropriate and effective SHM system for the case
under consideration.

The above described methodology is called Performance-Based Mon-
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itoring System Design, and is the counterpart of semi-probabilistic struc-
tural design [51]. Its steps are summarised in the flowchart in Fig-
ure 4.1, resembling the procedure prescribed for monitoring system de-
sign by the Italian Guidelines for Structural Health Monitoring (UNI/TR
11634:2016) [48].

Definition of monitoring objectives
and identification of state parameters

4

Definition of monitoring demand

l

Definition of physical quantities to be
measured

Definition of tentative monitoring
solution

|

Selection of the
interpretation model

Estimation of
monitoring capacity

Demand VS. Capacity

Figure 4.1: Performance-Based monitoring system design procedure.

4.2 Monitoring capacity

The monitoring capacity Ug,pp is the uncertainty in the identification of
the key state parameter # of a structure based on the observations pro-
vided by the monitoring system.

In general, the state of a structure is identified by a set of discrete
variables, continuous parameters, or a combination of both. For clarity,

53



Valeria Caspani - Advancing Bridge Health Monitoring through Satellite InSAR and
Performance-Based System Design

in this Chapter we assume that the key state parameter is defined by a
single continuous parameter ¢. In this case, SHM aims to estimate the
posterior probability p(6|y) of the structural state 6 based on a set of
observations y. The logical inference process to obtain the posterior
probability distribution of # given the observations y is mathematically
encoded in Bayes’ rule [130]:

p(yl9) - p(0)
p(y)

Where p(y|6) is the likelihood function expressing the probability
of observing the data y given the state 0, p(6) is the prior distribution of
parameter 6, and p(y) is the evidence.

Equation 4.1 defines a probability density function in the joint space
of the parameter # and the observations y. The maximum a posteriori
(MAP) pg),, and variance ag‘y can be estimated through Equations 4.2
and 4.3, which are both functions of the observations y:

[ pwle) p0) 0 a0
o= [, 4

p(fly) = 4.1

4.3)

) / p(yl0) - p(0) - (6 — poy(y))?
Dy

ol ~ p(y)

The variance Ugly is the monitoring capacity because it represents the
uncertainty in the estimation of the state parameter 6 based on the mon-
itoring observations y. When the monitoring observations y are avail-
able, this quantity can be calculated directly. However, in the monitoring
design phase, monitoring capacity must be estimated before observations
even exist, since the system has not yet been installed to collect such data.
Therefore, we must infer a priori the value Ugly of the posterior distri-
bution p(f|y), assuming that some data y will be acquired, even though
they are not yet available. This analysis is known as prior estimation of
the posterior or pre-posterior analysis.

The Bayesian pre-posterior analysis (PP) for the calculation of the
expected monitoring capacity O'gpp is a simulation a priori of Bayesian
inference a posteriori [131, 120]. Since the posterior distribution p(f|y)

is a function of the observations y, and thus also the variance og‘y, and

since y is a vector of random variables affected by uncertainty, O'g|y can-

not be determined deterministically before monitoring takes place. In-
stead, we can make an uncertain prediction of such value based on prior
information. The quantity we can compute is an expected monitoring
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capacity—the pre-posterior variance of the structural state—based on the
prior distribution p(y).
To obtain the prior distribution p(y), the designer must know:

(1) amodel g = f(0) relating the observed quantities y to the state
parameter 6;

(2) the distribution of the residuals z = y — y, i.e. the difference be-
tween the statistically independent observations y and the nominal
value of the model ¢y —which include sensor noise, sensor bias and
model uncertainties;

(3) the prior distribution p(€) of the state parameter 6.

Once that the distribution p(y) is available, the expected monitoring
capacity Ug pp CAN be calculated as:

Ojpp = E [Ug\y(y)] = /D p(yl0) - p(0) - (0 — gy (y))* db  (4.4)
0,Y

In practice, the quantity O'gpp represents the expected variance of the
structural state estimation after monitoring is performed, i.e. the pre-
posterior variance. Note that it is independent of any monitoring obser-
vation; therefore, it is in fact an a priori quantity.

The monitoring capacity can be estimated analytically or numeri-
cally.

When the prior probability distribution of the state parameters p(6)
and the likelihood function p(y|#) are Gaussian, and the inverse func-
tion of the model y = f(6) exists and is approximately linear in the re-
gion where p(y) is significant (around /i), the monitoring capacity can
be estimated analytically through uncertainty propagation [132], with-
out numerical algorithms. An example of such calculation for a simple
monitoring design problem with a single state parameter ¢ and a single
observation y has been reported in [51].

In more complex cases—when the model is a nonlinear numerical
function of multiple state parameters and multiple observations—it is of-
ten not possible to invert the model to obtain an analytical expression for
each state parameter based on the model outputs. In these situations, un-
certainty propagation cannot be used to estimate the monitoring capacity.
A possible solution is to perform a Monte Carlo simulation [133, 134].
Markov chain Monte Carlo MCMC) methods are approximate inference
methods based on stochastic numerical sampling from probability distri-
butions. These methods allow the numerical estimation of mean and
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covariance of a collection of samples drawn from arbitrary probability
distributions. Therefore, Monte Carlo methods can estimate the moni-
toring capacity in cases with severely nonlinear models or non-Gaussian
priors and likelihoods. However, MCMC methods are computationally
intensive and are mainly used for small-scale problems [127].

4.3 Monitoring demand

The monitoring demand 53‘?4 is the limit maximum acceptable uncer-
tainty for the determination of the structural state key parameters. It is
an upper-limit value that a monitoring designer needs to ensure is not
exceeded when exploiting the observations from a tentative monitoring
system for the evaluation of key monitoring state parameters. In gen-
eral, its value depends on the problem to be tackled. Since SHM should
help a manager in the identification of key structural state parameters,
each accuracy requirement depends on the specific state parameters to
be identified by means of the designed system, e.g. 0.1 mm for joint
aperture, | mm/year for deflection rate, 1 Hz for modal frequency. Many
infrastructure operators have an idea of the accuracy in the structural
state parameter they want to obtain, so that usually the monitoring de-
mand can be estimated based on experience or common sense, and not
on formal prediction of advantages and disadvantages.

Nevertheless, given that monitoring design can be formulated as a
decision problem —where the choice of a particular monitoring solution
should be driven by its Vol (i.e., the costs of the equipment and its opera-
tion versus the benefits resulting from information-based management)—
the definition of the monitoring demand should be based on the concept
of Value of monitoring Information (Vol). Indeed, defining the monitor-
ing demand based on Vol ensures that if a monitoring system meets such
demand, it provides an economic benefit in terms of structural manage-
ment that is higher than the costs incurred for its installation.

According to Raiffa and Schlaifer [120], this decision problem is
solved by maximizing the Expected Net Gain of Sampling (ENGS), i.e.,
in our problem, the economic measure of the quality of the monitoring
information accounting for both the value of information and the costs
of the monitoring. ENGS can be written as in Equation 4.5:

ENGS(¢) = /

[maX/ u(z + zsume|0) - pe(0ly) - dO| - pe(y) - dy
Dy @ Dy

a

- max/ u(z|0) - p(0) - db
" 4.5)
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where:

* ¢ is a hyperparameter representing the tentative monitoring solu-
tion;

* a represents the set of management actions that the operator can
carry out in response to the state of the bridge;

* z are the monetary outcomes corresponding to the set of actions a;
* zsumM is the cost of the monitoring system;

* v is the utility function;

* @ is the state parameter of the monitoring;

 y are the monitoring observations;

The second term of 4.5 is the expected utility that the designer would
get choosing not to install any monitoring system, therefore it does not
depend on the monitoring system concept £. On the other hand, the
tentative monitoring solution £ affects the first term of 4.5. If the de-
signer chooses to install the monitoring system represented by &, each
outcome after the installation is increased by the cost of such system
zsum,¢- Moreover, the choice of a monitoring system £ will influence the
probability distributions p¢(6|y) and pe(y): the higher the accuracy of
the monitoring system in the acquisition of the measurements, the lower
the uncertainties in p¢ (0|y) and pe (y).

Thus, the optimal configuration of the monitoring system is the one
that maximises ENGS:

& = argmax {ENGS(§)}. (4.0)
3

And the limit for which a tentative monitoring system ¢ is financially
convenient is:

ENGS(£) =0 (4.7)

Let us assume that the state of the structure is represented by a single
state parameter # whose posterior distribution is normal, p(6, Ugh/ ly) =
N(po)y, agly), with mean vector /19|, and variance ngy. Let us also as-
sume that the cost of monitoring zSHM(og‘y) can be defined as a mono-
tonically decreasing function of the variance of the posterior distribution
Jg| » It is reasonable because monitoring solutions that are less accurate
are usually cheaper. Then, we can define the monitoring demand 5§|y
as the value of expected variance for which the ENGS is zero, satisfying
Equation 4.7:
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—2 2
Ue‘y =F |:O'0|y:| :/;
Y

Py oy) -y —max [ uz10)-(0) -9 = 0
' (4.8)

Such calculation of the ENGS requires the monitoring designer to
know the probability and the outcomes of each possible realization of the
state 0. The evaluation of the involved probability distributions can re-
quire complex probabilistic models and significant analytical or numeri-
cal effort (as discussed in Section 4.2). The calculation of the outcomes,
i.e. the financial consequences, should take into account both the direct
and the indirect costs related to the realization of each structural state,
including the losses due to casualties, road user costs, and the impact of
the structural behaviour on the society and the environment [135]. Esti-
mating these costs is challenging because it requires a priori knowledge
or data from different scenarios involving similar structures, as well as
financial calculations that are not always familiar to structural engineers.
These difficulties undermine the feasibility of a Vol-based estimation of
the monitoring demand in typical real-world situations.

In structural design, design standards such as Eurocode 0 (EN 1990)
and NTC2018, are based on a semi-probabilistic approach that prescribes
the structural loads and does not require the structural designer to know
probability values or costs. Based on the idea that Performance-Based
Monitoring Design represents the counterpart of the semi-probabilistic
structural design performed every day by practitioners, a straightforward
procedure is needed for the evaluation of the monitoring demand. For
this reason, it was suggested to calculate the Vol-based monitoring de-
mand for family of structure types and for the most important key state
parameters, and then include the results of such extensive analysis in
monitoring design codes [136].

a

max [ ulz+ s (05,)10) (0.3, ) - db
Dy

4.4 Monitoring effectiveness check

In 4.2 and 4.3, the key concepts regarding the calculation of ex-
pected monitoring capacity and monitoring demand for Performance-
Based Monitoring System Design were summarized.

Finally, three logical rules to check a tentative monitoring system
effectiveness can be formalized by answering the questions:

(1) Do I really need a monitoring system?

(2) Does the monitoring system improve my knowledge on the struc-
tural state?
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(3) Does the monitoring system match the requirements?

Regarding (1), a monitoring system is necessary when the uncer-
tainty in the estimation of the structural state a priori 03 is higher than
the maximum acceptable error, i.e. the demand 6’3‘ » In this case, the
infrastructure operator cannot infer the structural state with enough ac-
curacy to manage the bridge properly, and thus monitoring observation
may be needed to improve their knowledge.

Regarding (2), a monitoring system is informative if the pre-posterior
uncertainty O'g’pp in the estimation of the structural state is lower than its
value a priori ag. In this case, the designer expects that monitoring data
will indeed improve the manager’s knowledge about the structural state,
providing information about the parameters of interest.

Finally, regarding (3), a monitoring system is effective when the ex-
pected error in the estimation of the structural state based on monitoring
observation, i.e. the capacity Uapp is lower than the maximum accept-
able error, i.e. the demand 5§y. This last rule is of course the most
important because it represents the final check for the tentative moni-
toring system solution, as the counterpart of the structural design check
(demand versus capacity).

To sum up the three logical rules read as follows:

6§|y < O-g
Thpp < 05 (4.9)
2 =2
Thpp < Toly
It should be noted that the three conditions in Equation 4.9 are not
independent. In particular, if conditions (1) and (3) are satisfied, condi-
tion (2) is implicitly satisfied. Nevertheless, their separation helps clarify
the logical steps involved in assessing whether monitoring is (1) needed,
(2) informative, and (3) ultimately effective.
A great advantage of the Performance-Based Monitoring System De-

sign method is that both the monitoring demand 53Iy’ the expected moni-

toring capacity ag pp» and the prior variance 03 are expressed in engineer-

ing units, which can be easily handled and interpreted by practitioners.

4.5 Current limitations

In this Chapter, Performance-Based Monitoring System Design ap-
proach was presented. Such approach has been proposed as a straight-
forward procedure for everyday monitoring design practice, representing
the counterpart of the semi-probabilistic structural design.
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The main limitation to the actual implementation of this approach
consists in the definition of the monitoring demand based on the concept
of Vol. Vol requires the calculation of expected utilities and outcomes, to
marginalize the difference between the expected utilities a posteriori and
a priori on the possible outcomes of monitoring. Thus, to compute it,
complete knowledge of the probabilistic models of the SHM framework
is required, as well as prior knowledge of the operator’s management
strategies and the relative possible consequences.

However, resources allocated to the design of monitoring systems are
often limited. Moreover, the choice of management actions and the quan-
tification of their consequences is often highly uncertain and affected by
the subjectivity of operators. Therefore, the complexity of the Vol makes
it difficult to define a Vol-based monitoring demand for everyday moni-
toring design procedures to apply in most practical cases.

To avoid this problem, it was suggested to calculate the Vol-based
monitoring demand for family of structure types and for the most impor-
tant key state parameters, and then include the results of such extensive
analysis in monitoring design codes [136]. In this way, the monitoring
demand can be prescribed by monitoring system design codes, similar
to the structural design codes that prescribe the load requirements for
semi-probabilistic structural design. Until further developments in this
direction are reached, the monitoring demand can be determined empir-
ically on the basis of the monitoring objectives, the structural charac-
teristics of the asset, the operational context, available technology and
the manager’s needs. Typically, the limit acceptable uncertainty is set
as a fraction (e.g.: 1% — 10%) of the prior value of the structural state
parameter [51].

On the other hand, the calculation of the monitoring capacity is based
on the uncertainties that affect the evaluation of the state parameter a pos-
teriori, depending on monitoring observations. Like in structural design,
the calculation of the monitoring capacity is the only task that should be
left to practitioners. But how can they do that in practice, in the design
phase, before even installing the system, when monitoring observations
are not yet available?

A simple example of evaluation of the monitoring capacity in a pre-
posteriori framework is presented in [51], assuming a single observation
y and a single state parameter 6. This application allows estimating the
capacity of a monitoring system for the evaluation of stay cable tension-
ing force (state parameter 6) from first vibration frequency measurement
(observation ¥), by means of uncertainty propagation.

However, it is not always feasible for practitioners and civil engi-
neers to use probabilistic analytical or numerical methods for the evalu-
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ation of the pre-posterior uncertainty of the monitoring key parameters
—i.e., the monitoring capacity— particularly for multiple parameters and
observations problems, due to increase in complexity and computational
effort.

Further research effort is needed to address the evaluation of the pre-
posterior uncertainty for the most common monitoring objectives and
key state parameters in SHM. Some cases may require accounting for
multiple parameter models, as well as multiple observations. There is the
need for simple-to-use closed form expressions for monitoring system
design, to be used by infrastructure operators in everyday practice. This
issue is addressed in my research work presented in Chapter 8.
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5. Bridge management systems: A review on cur-
rent practice in a digitizing world

This chapter contains the post-print of

Brighenti, F., Caspani, V. F., Costa, G., Giordano, P. F,,
Limongelli, M. P, Zonta, D. (2024). Bridge management
systems: A review on current practice in a digitizing world.
Engineering Structures, 321, 118971, https://doi.org/10.1016/
j-engstruct.2024.118971.

as published in the Journal Engineering Structures, differing only from
the published article in terms of layout, formatting, and notation.

Abstract

Bridges are subject to a plethora of deterioration phenomena, such as
corrosion, fatigue, and damaging events (e.g., truck impacts and earth-
quakes) that can affect their performance and compromise functionality
and safety. These challenges, along with the expansion of physical in-
frastructures and limited economic resources, underscore the need for
effective management systems to enhance the efficiency of maintenance
activities. To address this need, bridge operators have developed Bridge
Management Systems (BMSs), which assist in ensuring safe operations
while optimizing budget allocation and intervention strategies. Existing
state-of-the-art studies on BMSs, dating back several years, primarily fo-
cus on specific aspects of BMSs and do not provide exhaustive insight
into the implemented processes. Consequently, a comprehensive analy-
sis of the entire process is currently lacking. This review organizes and
discusses the key features of existing BMSs and introduces a novel def-
inition of BMS modules—data management, diagnosis, prognosis, and
decision-making—where consensus is currently lacking. The paper cov-
ers the historical and current practices of the most common BMSs, out-
lining the main principles of each phase along with their critical aspects
and future trends.

Keywords:

Bridge management system; Digitalization; Automation; Inspection; Struc-
tural health monitoring; Digital twin; Decision making; Life-cycle anal-
ysis.
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Glossary

In this section, the authors provide a brief glossary of the notation and
the mathematical entities involved in the present paper.

BMS Bridge Management System

IT Information Technology

BrIM Bridge Information Modelling
NDTs Non-Destructive Tests

DTs Destructive Tests

SHM Structural Health Monitoring
ECT Eddy Cutting Testing

AE Acoustic Emission

MFL Magnetic Flux Leakage

Vol Value of Information

ROI Return On Investment

MEMS Microelectromechanical Systems
DIC Digital Image Correlation
WSN Wireless Sensor Networks

IoT Internet of Things

PI Performance Indicator

BCI Bridge Condition Indicator

DI Damage Indicator

LCC Life-Cycle Cost

FE Finite Element

TP True Positives

TN True Negatives

FpP False Positives

FN False Negatives

PDF Probability Density Function
ROC Receiver Operating Characteristic
EUT Expected Utility Theory

CS Condition State

AR Augmented Reality

Al Artificial Intelligence

CNN Convolutional Neural Networks
RNN Recurrent Neural Networks
LSTM Long Short-Term Memory
GRU Gated Recurrent Unit

GAN Generative Adversarial Networks
UAV Unmanned Air Vehicle

LiDAR Light Detection and Ranging
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VR Virtual Reality

ISHM Indirect SHM

InSAR Interferometric Synthetic Aperture Radar

FRC Fiber Reinforced Composites

UHPFRC Ultra-high Performance Fiber Reinforced Con-
crete

FRCM Fiber Reinforced Cementitious Mortar

EB Externally Bonded

NSM Near Surface Mounted

MOOP Multi-Objective Optimization Problem

MCDM Multi-Criteria Decision-Making

5.1 Introduction

The rapid expansion of transportation infrastructure and the continuous
advancements in technology have significantly transformed the land-
scape of bridge management [1]. As transportation networks grow more
complex and the volume of collected data generated increases, there is
a heightened demand for automated systems that can effectively manage
and utilize this information for optimal bridge maintenance and decision-
making [2, 3].

Nevertheless, effective bridge management goes beyond addressing
immediate maintenance needs; it also encompasses ensuring the long-
term safety and cost-effectiveness of these critical assets [4]. Conse-
quently, authorities and infrastructure managers are increasingly focused
on developing and implementing policies that promote the sustainable
operation of bridges throughout their entire life-cycle —from initial de-
sign to eventual replacement [5].

In response to these demands, Bridge Management Systems (BMSs)
have been developed in the last decades. A BMS can encompass a com-
pilation of codes and guidelines, as well as a specific software program.
Typically, BMSs incorporate both elements, with the software serving
as a digital implementation of the standards established over the years.
BMSs can be utilized at two distinct levels: the individual bridge level
and the network level. [6]. Recently, thanks to the developments in
Information Technology (IT), BMSs benefit from information systems
such as Bridge Information Modelling (BrIM) and Digital Twins [7, 8].
All these aspects facilitate bridge management in a digitalizing world
while meeting quality and performance standards [9].

Nevertheless, developing a custom BMS is a long-term commitment
that involves the most advanced informatics skills, and high costs in
terms of time, resources, and funds, both for initial development and
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subsequent maintenance due to the need for continuous and periodic up-
dates.

This paper provides an updated and complete overview of the current
state of the art of BMSs, with the fundamental goal of reviewing cur-
rent procedures and identifying areas of further research and improve-
ments. As discussed in the following section, despite the importance
of the topic, the majority of state-of-the-art studies on BMSs are dated
between 2000 and 2014. Post-2014, documents have predominantly fo-
cused on specific aspects of BMSs, often targeting a limited cluster of
countries. In this work, the available literature, including state-of-the-
art studies on this topic, is analyzed and the history and current practice
of BMSs are presented. Despite considerable advancements in the field,
there remains a lack of consensus on a standardized definition for these
modules. Thus, based on a comprehensive review of the literature and
the analysis of practices from numerous countries, this study proposes
a novel definition for the modules of BMSs. The main techniques used
in BMSs for data collection, acquisition, transmission, and storage are
discussed. The current practices for condition assessment within a BMS
framework are analyzed. The paper also identifies and analyses the prin-
cipal deterioration models as well as decision ort tools adopted in ex-
isting BMSs. The procedures of very few infrastructure operators are
publicly reported due to copyright reasons as well as the confidentiality
of budget management. One such operator is the Autonomous Province
of Trento with the BMS APTBMS, whose documents have been thor-
oughly analyzed in this paper as an illustrative example. Future trends
in BMSs are discussed, followed by general conclusions that summarize
the study’s findings.

5.2 BMSs in the current literature

While the topic of BMS is recognized as an important aspect of bridge
management, there is a notable scarcity of comprehensive studies ded-
icated to BMSs. However, there are a few noteworthy exceptions that
merit discussion.

At the beginning of 2000, the European project “Bridge Management
Europe” (BRIME) undertook the development of an overarching frame-
work for an ideal BMS tailored to the European road network. This
envisioned BMS aimed to facilitate rational bridge stock management,
optimizing budgets while ensuring adequate structural performance. The
final report [10] focused on a sample of 10 BMSs and identified six key
modules. McGee et al. [11] conducted an analysis of 11 BMSs from vari-
ous locations worldwide and compared them with BMSs in Australia and
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New Zealand. In addition to outlining the architecture of the reviewed
BMSs, the study offers insights into the two fundamental approaches that
govern bridge management: the top-down and bottom-up approaches.
Furthermore, the report highlights potential future directions for BMS
development, addressing emerging challenges and offering recommen-
dations for advancements in the field. The International Association for
Bridge Maintenance and Safety (IABMAS) compiled a comprehensive
report on BMSs in 2008, gathering information from BMSs worldwide.
Subsequently, the report was updated in 2010, 2012, and 2014 to ensure
its relevance and incorporate new developments in the field of bridge
management. The most recent version of the report [12] gathers data
from 25 BMSs in 18 countries through questionnaires. The report pro-
vides an overview of global practices in BMSs, offering insights into
their design, functionalities, and implementation approaches.

To the best of the authors’ knowledge, no comprehensive state-of-
the-art review on BMSs has been published in the past decade.

Nevertheless, numerous papers address specific aspects of BMSs. In
December 2023, a preliminary literature review was carried out using
the Scopus database using the keyword “Bridge Management Systems”,
which produced 844 results. Figure 5.1 reports the number of publica-
tions on the topic per year.
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Figure 5.1: Publications on BMSs.

The first publications in the field date back to 1985 and the scientific
interest in the topic has had an increasing trend over the years with a
significant peak in 2006, due to the large number of papers on BMS
published in [13].

A “network visualization diagram” is created through VOSviewer
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software to highlight the most common keywords associated with BMSs,
see Figure 5.2. The different colors suggest the clusters of the words
that are reported together in the analyzed documents. The concepts of
“maintenance”, “inspection”, “deterioration”, “life-cycle costs” and “op-
timization” are often studied in relation to BMSs. However, they are not
generally integrated. These aspects are analyzed in the following sec-
tions.
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Figure 5.2: Network visualization diagram related to the BMS literature.

5.3 BMSs in the world: history and current practice

The development of BMSs was initially fostered by tragedies such as the
collapse of the Silver Bridge on December 15th, 1967, in the US. Ac-
cording to the authors’ knowledge, the first developed BMS software is
the Danish DANBRO BMS which was released in 1975 to support and
implement the increasingly comprehensive and restrictive management
regulations. Later, the BMS DISK was developed in the Netherlands in
1985, and it is still used along with the TISBO Infrastructure Mainte-
nance Management System, a BMS that integrates inspection registra-
tion and maintenance management. In 1985, Serbia introduced a BMS,
called BPM, with a system of prioritization that is still used nowadays
[14]. Italy started using Oracle and SQL Server in 1986. Nowadays,
in Italy, several BMSs exist, among which the Autonomous Province of
Trento BMS (APTBMS) was developed in 2004 by Zonta et al. [15].
This BMS introduces reliability concepts for bridge management and in-

84



5.3. BMSs in the world: history and current practice

cludes sections for condition state evaluation based on visual inspections,
safety assessment, and prioritization. Several Italian infrastructure oper-
ators are currently working on their own BMS, such as Autostrade per
I’Italia (Argo), Rete Ferroviaria Italiana (DOMUS) and Autovie Venete
(Netkubed).

In 1987, Sweden implemented the software Bridge and Tunnel Man-
agement System (BaTMan). At the beginning of the 90s’, several BMSs
were created, such as the Finnish BMS (FBMS) in 1990, the KUBA
BMS of Switzerland in 1991, and the well-known Pontis [16] and Bridgit
[17] in the US, respectively in 1992 and 1993. Pontis was developed
for the FHWA and became an AASHTO product renamed BrM in 1994
[18]. Although Pontis is the most well-known and widespread BMS
in the US, other BMSs have been developed both by individual states
[19, 20, 21, 22] and at the Federal level [23, 24] in recent years. In the
late 90s’, Hungary started using BMS software in 1996, France in 1999,
and in 1997 Poland implemented SMOK which was then followed by
the software SZOK in 2001.

Between 2000 and 2001, Germany created the Bauwerk Manage-
ment System or SIB-Bauwerke (GBMS). In 2001, numerous countries
developed their own BMS, namely Vietnam with Bridgeman, Ireland
with Eirspan which was developed using DANBRO as a starting point,
and England with Oracle. In the same year, Estonia started using Pontis.
The following year, in 2002, Latvia implemented LT Brutus, Canada the
Ontario BMS (OBMS), and the Czech Republic the IIS database +MS
SQL Server. Later on, in 2003, Korea started using the Korea Road
Maintenance Business System (KRBMS) [12], and between 2004 and
2005, Bulgaria developed Scanpoint-Freissinet, which was integrated
in 2009 with a prioritization system. In 2005, Spain developed SPG.
In 2006, Japan released the Regional Planning Institute of Osaka BMS
(RPIBMS) [18, 25]. During the same year, two more Canadian BMSs
were implemented, namely EBMS and PEIBMMS, followed by Quebec
BMS (QBMS), in 2008. More recently, between 2019 and 2020, Croatia
also developed a BMS, called Oracle 10.G. Nowadays, within a single
country, different road operators or administration entities might have
their own management systems, due to the differences in bridge manage-
ment practices [12]. These systems are usually developed internally by
the operators, sometimes by consulting private companies. Other BMSs
are BAUT (Austria), SIMS (United Kingdom) [26], SAMOA (Italy),
and GOA (Portugal) [12], GNWT (Canada) [12], SGO (Brazil), Bridge-
ASYST, MRWA and NSW(Australia) [12], MICHI (Japan) [12], T-BMS
(Taiwan) [18, 27], Slovenia BMS (Slovenia) [28], HiBris and Hanke-
Shira (Finland) and Lagora (France) [29] and the North Carolina’s BMS
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NCDOT [11].

5.4 The general architecture of a BMS

To effectively address diverse management objectives, BMSs must be
adaptable and include various modules tailored to specific needs. The
design of BMSs can vary significantly depending on the country or the
requirements of the operator. In the context of the BRIME project [10],
key requirements for a BMS were identified, along with essential mod-
ules, see Figure 5.3.

Collection of data on
structural conditions

BRIDGE LEVEL

structural conditions

Comparison of various maintenance
strategies

Optimization of interventions

Prioritization of interventions
considering existing constraints

NETWORK LEVEL

Figure 5.3: BMS modules according to BRIME
[10].

The first four modules pertain to individual structures, covering (1)
the inventory (database), (2) the collection of data on structural condi-
tions, (3) the assessment of structural conditions, and (4) the comparison
of different maintenance strategies. The remaining modules relate to the
bridge network, encompassing (5) the optimization of interventions, and
(6) the prioritization of interventions considering existing constraints.
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Specifically, modules (1) and (2) are concerned with data manage-
ment (in red), while module (3) pertains to both diagnosing the struc-
tural state and predicting future conditions (the yellow indicates diagno-
sis whereas the green indicates prognosis). Modules (4), (5) and (6) are
focused on decision-making (in blue) regarding individual structures and
the bridge portfolio.

Nevertheless, non-uniform definitions of BMS modules can be found
in the literature (see Table 5.2). For instance, Lauridsen et al. [30] de-
fined BMS components as: 1) Interrelated activities for handling bridges,
2) Set of codes and guidelines, 3) Organization to manage and carry out
previous activities, 4) Database holding data resulting from previous ac-
tivities, and 5) Set of computer tools for processing the data. Zonta et al.
[15] detailed sections within the APTBMS as: 1) Database, 2) Inspec-
tion and evaluation module, 3) Maintenance degradation reliability and
cost module, and 4) Decision tools module. Pellegrino et al. [31] consid-
ered: 1) Bridge Database, 2) Inspection System, 3) Structural capacity
evaluation, 4) Lifetime prediction of the future condition of the structure,
and 5) Cost evaluation system. Pregnolato [32] identified modules as: 1)
Inventory, 2) Inspection, 3) Repair and Rehabilitation, and 4) Optimiza-
tion.
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Table 5.2: BMS modules according to different authors.

Lauridsen et BRIME[10] APTBMS[15] Pellegrinoet Pregnolato[32]
al.[30] al.[31]

Interrelated Inventory Database Bridge Inventory
activities for Database
handling
bridges
Set of codes ~ Collection of Inspection Inspection Inspection
and data on and System
guidelines structural evaluation
conditions
Organization Assessment Maintenance Structural Repair and
to manage of structural degradation capacity Rehabilitation
and carry out conditions reliability and evaluation
previous cost
activities
Database Comparison Decision Lifetime Optimization
holding data of various tools prediction of
resulting from  maintenance the future
previous strategies condition of
activities the structure
Set of Optimization Cost
computer of evaluation
tools for interventions system
processing
the data
Prioritization
of
interventions
considering
existing
constraints

The inventory module and inspection module are always present,
though they may be referred to by different names, establishing them
as fundamental components of BMSs. Often, BMSs limit their scope to
these modules, guiding decisions based on engineering judgment. Dis-
crepancies across the literature also emerge in modules dedicated to con-
dition assessment and decision-making. Consequently, there is a press-
ing need to establish standardized categories. Defining uniform BMS
modules is important for several reasons. A standardized definition en-
sures a common understanding within the industry, promoting clear com-
munication among researchers, practitioners, and policymakers. Uni-
form definitions also facilitate comparisons and benchmarking across
different BMSs, promoting best practices and continuous improvement.
Furthermore, standardized modules provide a foundation for the devel-
opment of interoperable and compatible BMSs. This interoperability is
increasingly important in an era where data exchange and integration be-
tween different systems are vital for comprehensive and efficient bridge
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management. Hence, in this paper, BMS modules are defined as follows:

(1) Data management, dealing with data about bridges and the status
of their components;

(2) Diagnosis, consisting of condition rating and deteriorating assess-
ment;

(3) Prognosis, gathering all the activities connected to the prediction
of future bridge conditions;

(4) Decision-making identifying optimal management actions.

The proposed four modules are interconnected, as shown in Figure
5.4. Diagnosis and prognosis rely on data pertaining to bridges and their
components, while decision-making is influenced by the outcomes of di-
agnosis and prognosis and can also impact data management. The sub-
sequent sections present and examine these four modules in detail.

Decision making Q

@ Data management

Prognosis g

Diagnosis

Figure 5.4: Modules of a BMS.

5.5 Data management

Data management encompasses four stages, namely data collection, ac-
quisition, transmission, and storage. The collection phase involves gath-
ering data pertaining to the bridge inventory, such as observations or sig-
nals. Two primary approaches have emerged for data collection: inspec-
tions —including visual inspections, Non-Destructive Tests (NDTs), and
Destructive Tests (DTs)— and Structural Health Monitoring (SHM). The
acquisition phase entails converting the collected data into a computer-
readable format. Data transmission refers to the process of sending data
to computing networks or electronic devices. Lastly, the storage phase
involves saving and recording the data. These four phases are illustrated
in Figure 5.5. In the subsequent sections, these phases are discussed with
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reference to inspections and SHM. Visual inspections provide a direct,
qualitative assessment of visible damage and structural conditions, while
NDT and DT techniques offer quantitative data on material properties
and hidden defects. Instead, SHM can reveal trends and anomalies that
might not be apparent through inspections alone, serving as a valuable
complement to inspections, particularly in critical or complex structures
[33]. Inspections and SHM should not be seen as replacements but as
complementary processes that allow operators to achieve a comprehen-
sive understanding of a bridge’s condition.

DEF]

. Acquisition Storage
collection q 8

!
Y -
Elte

T

Figure 5.5: Phases of data management.

5.5.1 Inspection data management

Inspection methods involve technicians who assess structural and non-
structural anomalies [34]. Different types of inspection exist with vary-
ing levels of detail based on their scope and frequency, such as inven-
tory, routine, in-depth, and special inspections [35]. Inventory inspec-
tions provide baseline condition assessment when the bridge is first con-
structed or added to the management system. Routine inspections, con-
ducted at regular intervals, ensure ongoing monitoring of the bridge’s
condition. In-depth inspections are more detailed and may involve ac-
cessing hard-to-reach areas to closely examine specific components. Spe-
cial inspections are carried out in response to specific events, such as af-
ter a natural disaster or a vehicle impact, to assess any resulting damage
[36].

Extensive research and documentation exist on inspection methods,
see, e.g., [35, 37]. Due to the importance of inspections in current prac-
tice, they are typically regulated by codes and guidelines at the national
or regional level. However, operators typically have the flexibility to
adopt internal procedures as long as they align with overarching regula-
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tions. Table 5.3 shows some examples of inspection codes and guide-
lines. In addition to the description of the procedures and of the instru-
mentation to use, these documents generally specify the requirements
that must be met in terms of inspection competencies and expertise de-
pending on the type of inspection.

Table 5.3: Inspection codes and guidelines.

Country

Regulation

Us

Canada

UK
Norway
China
Australia

Italy

Spain

Ireland

American Association of State Highway and Transportation Officials, The
Manual for Bridge Evaluation[24] Federal Highway Administration (FHWA),
Bridge Inspector’s Reference Manual[36]

Massachusetts Department of Transportation, Bridge Inspection Handbook -
Field Inspection, Data Collecting, Report Writing and Report Review[21]
New York State Dept. of Transportation Office of Structures, Bridge Inspec-
tion Manual[22]

Towa Office of Bridges and Structures, Bridge Maintenance Manual[20]
Ontario Ministry of Transportation, Ontario Structure Inspection Manual[38]
Alberta Transportation (AT), Bridge inspection and maintenance system: BIM
Level 1 inspection manual. Version 4[39]

Highway England, Requirements for Inspection and Management of Bridges,
BD 62/94 and BD63/94[40]

Norwegian Public Roads Administration, Handbook for Bridge Inspection Part
1[41]

Ministry of Transport of the People’s Republic of China, Standards for Quality
inspection and verification of highways.[42]

Main Roads Western Australia, Detailed Visual Bridge Inspection
Guidelines[43].

Consiglio Superiore dei Lavori Pubblici, Linee Guida per la classificazione e
gestione del rischio, la valutazione della sicurezza ed il monitoraggio dei ponti
esistenti[44]

Ministerio de Fomento, Guia para la realizacion de inspecciones principales
de obras de paso en la Red de Carreteras de Estado[45]

Transport Infrastructure Ireland, EIRSPAN bridge management system princi-
pal inspection manual[46]

While inspections are widely used and remain a cornerstone of bridge
condition assessment, they come with several limitations. Accessing cer-
tain areas of a bridge, such as underwater pier foundations or bridge sof-
fits on long-span bridges, can be challenging and often requires special-
ized equipment like bridge inspection trucks, boats, and drones. These
logistical challenges can also necessitate traffic interruptions or restric-
tions, leading to additional costs and inconvenience. The periodic nature
of inspections, typically scheduled at regular intervals or triggered by
specific events, means they do not offer early warning signals for the
occurrence of damage, limiting their effectiveness in proactive mainte-
nance. Additionally, the costs associated with inspections can be sub-
stantial, particularly for bridges that are difficult to access.
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Inspection data collection

Procedures for bridge data collection include visual surveys, NDTs, and
DTs. Visual inspections are a fundamental component of bridge man-
agement, typically carried out by trained technicians. The scope of these
inspections varies based on the inspection type; for example, routine in-
spections may focus only on accessible elements, while more detailed
inspections might include hard-to-reach areas. The primary purpose
of visual inspections is to detect visible signs of deterioration, such as
cracks, corrosion, spalling, and deformation, and to document these find-
ings for further analysis [47]. Furthermore, visual inspections allow for
the detection of a variety of issues beyond structural integrity, includ-
ing hydraulic phenomena (e.g., presence of scour or debris accumula-
tion on piers in water) and geotechnical phenomena (e.g., initiation of
landslides). These aspects have been stressed by e.g., the recent Ital-
ian Guidelines for bridges [44] which suggest a multi-risk assessment of
bridges based on archive data and visual inspections.

Visual inspections involve several steps. Inspectors use checklists
and standardized forms to ensure consistency and comprehensiveness in
their assessments. They often use tools such as binoculars, cameras,
and drones to enhance their ability to inspect inaccessible areas [48].
Findings are recorded, often using digital platforms that facilitate data
storage, analysis, and sharing among stakeholders. Visual inspections
remain indispensable despite advancements in technology, as they pro-
vide a direct and immediate evaluation of a bridge’s condition. Never-
theless, they are inherently subjective, as the outcomes can vary based
on the skills and expertise of individual inspectors. This subjectivity can
lead to inconsistencies, especially when inspection codes and guidelines
lack clarity on how to assign judgments to specific defects. Furthermore,
visual inspections face challenges in identifying hidden defects.

In turn, NDTs can identify defects in structural elements that are
not visible such as internal flaws and delamination. Ultrasonic test-
ing, Eddy Cutting Testing (ECT), Acoustic Emission (AE), and Mag-
netic Flux Leakage (MFL) testing can be used to detect corrosion and
fatigue on steel components [49, 50, 51]. Specifically, ultrasonic test-
ing uses high-frequency sound waves to detect internal defects, such as
flaws and irregularities, and measure material properties, like changes in
microstructural or mechanical properties. ECT utilizes electromagnetic
induction to detect surface or subsurface defects in conductive materials.
AE techniques monitor the release of elastic stress waves from localized
sources (such as cracks or other discontinuities) when a material deforms
under stress. MFL testing detects corrosion, breaks, pitting, and breaks
by inducing a magnetic field to the component and evaluating leakage in
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the material from its flux path. Further, NDTs such as impact echo and
ground penetrating radar can detect corrosion in reinforced concrete. Im-
pact echo is an ultrasonic method that is able to detect defects by measur-
ing the velocity of propagation of elastic waves [52]. Ground-penetrating
radar employs radar pulses to image subsurface anomalies. Thermogra-
phy utilizes infrared imaging to detect variations in temperature that in-
dicate potential defects like delamination, fatigue crack propagation, or
moisture intrusion [53].

DTs involve controlled damage to a part of the bridge to evaluate its
properties and performance [53]. Material properties might differ from
design values. Also, as bridges age, uncertainties related to the struc-
ture increase due to deterioration mechanisms and real-life conditions.
Therefore, reliable prediction of bridge capacity and behavior often re-
quires DTs of material samples for calibrating models and evaluating the
performance of existing bridges [54, 55]. Common DTs include core
drillings to extract material samples for analysis, cutting and removing
portions of the structure for detailed examination, chemical testing to as-
sess material composition and degradation, and accelerated aging tests
to simulate long-term wear and environmental impacts [56].
Acquisition, transmission, and storage of inspection data
Inspections generate a variety of data types. In consideration of visual
inspections, outputs include photographs, videos, sketches, and written
reports that describe observed conditions and defects. NDTs and DTs
of material specimens generate another layer of critical data for bridge
assessments. The acquisition of NDT and DT data involves using spe-
cialized equipment to collect measurements, that are then converted into
digital formats for analysis. These data need to be collected, transmitted,
and stored for effective use in BMSs [57].

The results of inspections are typically collected in a database, either
by the operator who performed the inspection or by the technical office
based on the submitted inspection record, in paper format, or through the
interfaces of the software. To this end, smartphones and tablets have been
rapidly developing in the inspection field in recent years. Smartphones,
which embed a mini personal computer integrated with sensors, operat-
ing systems, and communication systems, proved to be an effective tool
for data acquisition and particularly for the improvement of inspection
both in terms of immediacy and accuracy [58, 59].

Transmission of inspection data can rely on wireless communica-
tion technologies and cellular networks to transfer images and videos to
central databases. In the case of high-resolution and complex outputs,
a stable internet connection is essential to prevent data loss and ensure
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accuracy. Both for visual inspection and NDT and DT data, the stor-
age solution must accommodate the large file sizes and diverse formats
generated during inspections. Cloud-based storage systems offer scal-
ability and remote access, allowing multiple users to view and analyze
data concurrently [60]. These systems also support robust data manage-
ment practices, including version control, metadata tagging, and secure
access protocols, ensuring that inspection data remains organized and
easily retrievable. Storage systems must also ensure data security and
integrity, supporting features like encryption, blockchains, backup, and
recovery protocols [61, 62]. Smartphones allow not only for direct cloud
communication with databases but also the ability to associate increas-
ingly high-quality photographs with inspection judgments in an imme-
diate way thanks to the possibility of having BMS software on the field.
Similarly, the use of drones connected to BMS software for inspections
is also gaining popularity [63]. Field software, particularly when con-
nected to the BrIM of the structures, can offer significant advantages.
The possibility of updating in real-time the condition of the structure
brings significant savings in terms of time for acquisition, transmission,
and storage [64].

The acquisition of inspection data can be enhanced with digital tools
that allow inspectors to annotate images, create 3D models, and inte-
grate findings into centralized databases. Advanced software platforms
facilitate real-time data entry during inspections, enabling inspectors to
upload images and notes directly from the field using mobile devices,
in order to process and analyze findings in an immediate way facilitat-
ing quick identification of critical issues [65]. The rapid digitization of
inspection data not only streamlines the documentation process but also
ensures that critical information is promptly available for analysis [66].

5.5.2 SHM data management

In recent decades, the limitations of inspections have driven operators to
explore SHM systems, which automate data collection and provide con-
tinuous updates on structural conditions. National and international ini-
tiatives and organizations have played a crucial role in advancing SHM
technologies and practices, promoting best practices and collaborative
research across countries, and underscoring the global impact and poten-
tial of SHM advancements. Associations such as the International Soci-
ety for Structural Health Monitoring of Intelligent Infrastructure (ISH-
MII) [67] and the International Association for Experimental Vibration
Analysis for Civil Engineering Structures (EVACES IA) [68], foster re-
search about SHM. Furthermore, numerous international conferences
bring together researchers and practitioners periodically, such as SMAR

94



5.5. Data management

[69], EVACES [70], EWSHM [71], IWSHM [72], IOMAC [73], EU-
ROSTRUCT [74], IABMAS [75], and EURODYN [76]. As for research
projects, it is worth mentioning the COST Action TU1402, active from
2014 to 2019, which involved representatives from academia, industry,
infrastructure owners, operators, and authorities. Its primary objective
was to advance the management of structures and infrastructure systems
through optimized SHM systems based on the Value of Information (Vol)
[77,78].

Following the tragic collapse of the Morandi bridge in Genoa in 2018
[79], Italy has made significant investments in bridge instrumentation
with monitoring systems. For instance, ANAS, the operator of most
Italian roads, has launched a “’Structural Health Monitoring Program”
funded with 275 million euros [80, 81]. From the academic point of view,
the Italian national FABRE consortium exemplifies collaborative scien-
tific endeavors aimed at enhancing bridge management and monitoring
practices [82]. Additionally, the ReLUIS (Rete dei Laboratori Univer-
sitari di Ingegneria Sismica e Strutturale) network focuses on seismic
engineering and structural monitoring, contributing significantly to the
development of SHM practices in Italy [83].

Nevertheless, it is important to acknowledge the current limitations
of SHM. First, SHM techniques — especially the vibration-based ones —
are generally not sensible to superficial and small damages, which in-
stead can be directly detected by visual inspections. Also, SHM systems
degrade in time and require continuous maintenance, making it diffi-
cult to distinguish between anomalous data caused by out-of-service sys-
tems, malfunctioning sensors, or actual structural damage [84]. There is
no widely accepted procedure to demonstrate the Return On Investment
(ROI) in an SHM system, which represents maybe the greatest limitation
to the extensive employment of SHM technology [78]. Additionally,
permanent SHM systems collect huge amounts of data that have to be
adequately managed and post-processed, and there are no general rules
regarding the choices of technologies to use. Another significant barrier
is the shortage of experts proficient in the proper analysis of SHM pro-
cesses [85]. This lack of expertise leads to a preference among managers
for more familiar data collection methods, such as visual inspections.

To address these challenges, several guidelines have been published
starting from 2001 with the aim of standardizing SHM practices. The ob-
jective is to enhance understanding and knowledge of the SHM process,
highlight its value, and develop rules and protocols [86]. These doc-
uments also provide recommendations for data processing in structural
diagnosis applications. Figure 5.6 illustrates a chronological compilation
of significant documents. It showcases the purpose of SHM as defined
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in each specific document, indicating a current trend of integrating SHM
data into BMSs.

Year Country Document title Aim of SHM

—_

p 2001 Canada ISIS CANADA ¢ Detect damage and
validate interventions
Reduce uncertainty in
demand and  capacity
estimation

[ 2006 EU SAMCO ¢ Detect damage and
validate interventions
Reduce uncertainty in
demand and  capacity
estimation

ASSESSMENT

b 2012 Austria RVS 13.03.01 « Condition assessment
* Life-cycle management

[ 2014 China GB 50982-2014 * Acquire data

* Check performance and
compliance with design
specifications

=
b 2016 Italy UNI/TR « Diagnosis and prognosis
11634:2016 (service life extension)
¢ Reduce uncertainty in
capacity and demand
estimation
3 2019 us TRB e Assess structural -

performance to inform
decisions within an asset
management context

Provide owners with a ROI

ASSESSMENT AND
SUPPORT TO DECISIONS

Figure 5.6: Documents for the standardization of SHM.

SHM data collection

SHM systems consist of several components, including sensors, data ac-
quisition devices, data transmission systems, databases for storage, and
processing units for analysis and modeling [87]. This hardware con-
verts physical measurements into damage-sensitive features, providing
insights into structural health over time. A wide range of sensors has
been introduced over the last decades [88]. Widely used sensing tech-
nologies in SHM include contact sensors such as fiber optics, piezo-
electric sensors, global navigation satellite systems, and magnetostric-
tive sensors [89]. Microelectromechanical Systems (MEMS) sensors are
gaining widespread popularity [90, 91] due to their reliability, efficiency,
and compact size, making them highly suitable for a wide range of ap-
plications [92].

Sensors have been exploited to measure different types of quantities
relating not only to structural behavior but also to external actions and
environmental factors. Figure 5.7 shows a non-exhaustive list of moni-
torable parameters in SHM.

SHM strategies are typically categorized as local or global approaches.
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Figure 5.7: Non exhaustive list of SHM monitorable parameters.

Local SHM provides detailed information about specific locations within
the structure where sensors are deployed [93, 94], often focusing on
monitoring slow-varying parameters such as pier tilt and strain. In con-
trast, global SHM focuses on dynamic structural properties such as modal
parameters to assess overall structural integrity, even without sensors po-
sitioned directly at potential damage sites [95, 96].

Critical phenomena such as corrosion, fatigue, and scour, in princi-
ple, can be identified by both local and global monitoring systems.

Recent advancements in local fatigue crack and corrosion detection
include the development of high-sensitivity vibration and acoustic emis-
sion sensors [97], as well as large-area strain sensing technologies [98]
and ultrasonic guided waves [99]. On a global scale, tracking modal
parameters from acceleration records, such as natural frequencies, can
also be effective in identifying corrosion and fatigue cracks, particularly
when these phenomena cause significant changes in structural stiffness
[100, 101]. Data acquisition methods can be combined with signal pro-
cessing algorithms and machine learning techniques for damage iden-
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tification, facilitating timely interventions. Ongoing research focuses
for example, on refining fatigue and corrosion models through neural-
network [102, 103] as opposed to more classical analytical probabilistic
formulations [104].

Digital Image Correlation (DIC) has shown promising results as an
advanced technique for detecting and quantifying both in-plane and out-
of-plane fatigue cracks, which are common in steel bridge components
[105, 106]. As anoncontact, vision-based sensing technology, DIC tracks
the surface deformation of materials by analyzing changes in a speckle
pattern applied to the structure’s surface. This method is particularly
advantageous for inspecting fatigue-prone regions because it provides
high-resolution, real-time data on crack initiation and growth without
the need for direct physical contact or extensive on-site monitoring.

Scour is considered one of the major causes of bridge failure world-
wide [107]. A variety of sensors have been developed to monitor scour
occurrence and progression [108], such as float-out devices, radar and
sound-based systems, and buried rod systems. These technologies are
based on the detection of changes in scour hole depth and therefore
are able to provide information about specific locations. Alternatively,
Vibration-based SHM systems have become increasingly popular in re-
cent years. These systems monitor changes in the natural frequency of
a bridge structure caused by scour, which affects the structural boundary
conditions and consequently the global modal behavior [109].
Acquisition, transmission, and storage of SHM data
The process of acquisition, transmission, and storage of SHM data is
generally digitalized and automated. When the sensor receives an input,
an acquisition system converts an analog signal into a digital one by an
analog-to-digital converter, to make the signal readable by a computer
[110]. Despite future direction aims at the employment of sensors that
do not necessarily require converters, e.g., most of the aforementioned
MEMS sensors, the great majority of sensors on the market still employ
acquisition systems that include these elements. An acquisition system
generally consists of three main elements: sensors, signal conditioning
circuits, and the aforementioned analog-to-digital converter. When a
sensor converts a physical phenomenon into an electrical signal, the data
often requires signal conditioning to be useful for SHM. This process
may involve filtering to remove noise, buffering to stabilize the signal,
amplification to enhance weak signals, and potentially compensations or
linearization to correct for any distortions or non-linearities, depending
on the quality and characteristics of the original signal.

Regarding transmission, traditional SHM systems are mainly wired-

98



5.6. Diagnosis

based. Wired systems transmit data through coaxial wires to process
them afterward with the system [110, 111]. Lately, there has been great
progress in wireless-based solutions [112, 113]. Wireless Sensor Net-
works (WSN) often consist of many sensor nodes, connected with sen-
sors, which contact each other via a wireless network and send data di-
rectly toward the base station [88]. The newest mobile communication
technology, 5G, has introduced innovative network paradigms capable
of offering an unprecedented level of reliability, low latency, higher con-
nectivity, and higher data rates [114].

Given the escalating data acquisition rates in emerging technologies,
the volume of data and the available memory are critical parameters
for data storage, especially in long-term monitoring. Internet of Things
(IoT) systems and cloud-based architectures have become prevalent due
to their numerous advantages [115, 116]. These benefits include large
data flow and storage capacities without the significant physical footprint
of traditional solid storage, as well as the capability for wireless commu-
nication with remotely connected devices, such as sensors, smartphones,
and tablets. The goal is to store data files in a more compact form while
retaining sufficient information for future use, processing, and analysis,
aided by increasingly performant databases.

5.6 Diagnosis

The objective of the diagnosis module is to evaluate the condition of in-
dividual bridge components, single bridges, or infrastructure networks.
This requires the identification of appropriate Performance Indicators
(PIs), thresholds, or goals at various levels (component, system, and net-
work). The research community has made significant strides in this field
in recent years. For instance, the COST TU 1406 Action has played a
key role in developing a guideline for quality control plans in roadway
bridges, with a focus on standardizing and harmonizing PIs, thresholds,
and goals across different countries [117, 118]. The following sections
describe methodologies and approaches for assessing bridge conditions
via PIs.

5.6.1 Performance Indicators

Different types of PlIs exist to address and describe different aspects con-
cerning the structure of interest. In general terms, PIs can be classified
into technical PIs and non-technical PIs [119], see Figure 5.8. At dif-
ferent levels, decision-making is then guided by the integration of both
types of PIs [118].

Technical PIs capture the mechanical properties and/or the degrada-
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* Inspection-related Pls * Environmental Pls
* SHM and NDT-derived Pls * Social Pls
* Reliability and risk Pls * Economic Pls

Figure 5.8: Classification of performance indicators.

tion of structures and can characterize their ultimate capacity as well as
serviceability conditions. Additionally, technical PIs can also encompass
aspects related to the surrounding conditions of the structure, addressing
e.g., geotechnical, and hydraulic aspects.

Herein, technical PIs are classified into (i) PIs based on the results
of inspections (including visual inspections and tests), (ii) PIs obtained
from SHM, and (iii) PIs dealing with structural reliability and risk.

Bridge Condition Indicators (BCls) are quantified by combining the
condition rates of individual bridge components assigned during visual
inspections [120]. The evaluation of the BCI for a stock of bridges can
lead to a priority repair ranking within the network [29, 121]. BCIs are
commonly used in practice by road agencies and their computation is im-
plemented in BMSs worldwide, although the quantification methods can
differ. Nevertheless, often the optimum repair or rehabilitation strategy
is not obvious based only on such information. BCIs alone cannot pro-
vide a clear structural safety judgment since no quantitative evaluation is
done from both the resistance and the loading sides.

Different types of key state parameters (or damage-sensitive fea-
tures) can be extracted from SHM data according to the type of sensors,
the type of structure, and the goal of the monitoring. In general, an SHM-
derived PI that can be correlated to the presence of damage is defined as
Damage Indicator or Index (DI) [122]. Overall, the implementation of
DIs in BMS software is still at an early stage of development.
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More recently, the interest in PIs taking into account reliability and
risk considerations has increased [117]. They include structural reliabil-
ity and risk, cumulative probability of failure, survivor function, hazard
rate function, structural redundancy, structural robustness, structural re-
silience, and load rating factor [119, 123, 124]. Reliability is an impor-
tant PIs, which is linked to the probability of failure for a bridge com-
ponent with respect to a given limit state function, considering both load
and resistance characteristics [2, 125, 126]. It is often used to forecast
structure performance over time: combining the reliability of different
failure modes with a deterioration model, a reliability profile for the ob-
served bridge can be obtained [127]. However, reliability by itself does
not enable accounting for the consequences related to failure which in
turn may be a decisive factor in prioritizing maintenance interventions,
especially under budget constraints. Risk provides a more comprehen-
sive assessment by considering both the probability and consequences of
potential failures [128].

Economic, social, and environmental indicators complement tech-
nical integrators [119] even though they are not systematically imple-
mented in BMSs [117]. Non-technical PIs include economic, social, and
sustainability PIs.

Economic PIs relate to construction and maintenance costs. One of
the most important economic indicators is the Life-Cycle Cost (LCC),
which consists of the sum of all costs related to a bridge during its ser-
vice life, e.g., reconstruction costs, inspection costs, preventive mainte-
nance costs, repair costs, out-of-service costs, user costs [129, 130, 131].
At the component level, a widely used economic indicator is the ratio
between the total cost of repairing individual damages and the price of
a new component. Components with a ratio exceeding 1.0 are typically
recommended for replacement [ 1 18]. The APTBMS (Italy) [15] includes
the calculation of a cost indicator, which is directly used for the priority
ranking of the stock.

Social PIs are related to road users’ satisfaction and safety to assess
the social performance of a bridge. They encompass factors such as
increased travel times for users.

Sustainability PIs characterize the environmental impact of a struc-
ture in the course of its life-cycle. They consider aspects such as cu-
mulative energy demand during a bridge life-cycle, the use of renewable
or non-renewable resources, durability, solid waste production, and the
emissions measured in kg of CO5 equivalents [119].
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5.6.2 Condition assessment using technical indicators

Technical indicators play a crucial role in BMSs by providing quantifi-
able measures of structural damage and its severity. The first part of
this section addresses technical performance indicators derived from in-
spection results, which are extensively utilized in BMSs worldwide. The
second part focuses on technical performance indicators obtained from
SHM data.

Condition assessment based on BCls

BCls are generally calculated based on the condition ratings of structural
components and, in some cases, the service provided by the bridge (i.e.,
the importance of the bridge within the network). Four main approaches
for the evaluation of the BCI are identified [120, 132], as follows:

* Weighted average approach. The BCI is estimated by combin-
ing condition ratings of all individual bridge components weighted
by the importance of the component in terms of functionality and
safety, by the gravity of the damages identified during the inspec-
tion, or by the bridge’s importance within the network.

* Qualitative approach. The BCI is assigned based on numeric
rating scales (e.g.,1-5) and linguistic expressions such as excellent,
good, fair, and poor, based on the condition state and importance
of the investigated components.

* Worst-conditioned component approach. The BCI corresponds
to the rating of the component in the worst condition.

* Ratio-based approach. The BCI is assigned based on the ratio
of the current condition to the condition of the structure when it is
new.

Table 5.4 reports, for each condition rating approach, examples of
BMS software adopting that particular approach and the country in which
the BMS has been implemented.

In general, BCIs provide a rating of the bridge condition and gen-
erally enables owners and operators to rank the interventions within the
bridge inventory. Ranking procedures are suitable for implementation in
BMS frameworks since they can be easily linked with recommendations
about follow-up actions, maintenance and rehabilitation plans, and costs
[133].

Numerous frameworks have been proposed for BCI evaluation, ad-
dressing both gradual deterioration [119, 134, 135] and the effects of nat-
ural hazards [136, 137]. Some studies employ probabilistic approaches
to account for uncertainties in BCI evaluations, particularly through vi-
sual inspections, investigating the link between the probability of dam-
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Table 5.4: BCI in existing BMSs.

Condition rating approach BMS Country
Weighted average approach HiBris, Hanke-Siha Finland
SMIS UK
STRUMAN South Africa
Qualitative approach LAGORA France
BaTMan Sweden
Qualitative approach LAGORA France
Worst conditioned component SIB-Bauwerke Germany
approach
APTBMS Italy
Ratio-based approach Pontis/BrM usS

age detection and condition ratings [131, 138]. Fuzzy logic tools [139],
evidential reasoning approaches [140], and machine learning [141] were
explored to enhance the accuracy and reliability of bridge condition as-
sessments.

Condition assessment based on SHM

Traditionally, four levels of damage identification are contemplated [142],
namely: damage detection (i.e., identify or not the presence of damage),
damage localization (i.e., find the location of damage), damage assess-
ment (i.e., quantify the level of damage), and prognosis (i.e., forecast the
evolution of damage).

Key structural state parameters or damage-sensitive features often do
not provide information about damage by themselves, unless with refer-
ence to their value in a baseline state. This calls for the need to define
the DI, which might not have a clear and direct physical meaning but
allows for expressing variations of state parameters with respect to the
baseline. The extraction of DIs can be performed based on two different
approaches: physics-based, and data-based.

The physics-based approach utilizes the inverse problem technique to
deduce the state of a structure based on the selected DI. Inverse problems
involve inferring the values of the chosen DI and other related parameters
that describe the system using measured data obtained from monitoring.
The interpretation models establish the connection between the DI under
investigation, which represents the state of the structure, and the observa-
tions from monitoring. These models can take the form of analytical or
numerical functions, such as Finite Element (FE) models. Model updat-
ing techniques are crucial in physics-based approaches and are employed
to refine and improve the accuracy of the models [143].

The data-based (or data-driven) approach uses a variety of algorithms
to learn structural behavior from collected data. This approach does not
rely on the use of a predefined physical interpretation model. Differ-
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ent machine learning algorithms have been developed and used to dis-
tinguish patterns in SHM data [144, 145]. The common final goal of
machine learning algorithms is the extraction of DIs from monitoring
data and the detection of outliers lying at an abnormal distance from the
population of the damage-sensitive feature.

Ideally, the DIs should be sensitive to the specific phenomena to
monitor, and they should be robust with respect to other sources of vari-
ability so that they would vary consistently only with the level of dam-
age. Nevertheless, a critical problem for damage identification in SHM
is the impact of operational and environmental effects on the quantities
measured by sensors and, in turn, DIs. Live loads as well as temperature
changes (both daily and seasonal) can significantly influence the struc-
tural response and increase the uncertainty in the detection of damage
[51, 146]. Environmental effects can hide the presence of damage or be
misinterpreted and result in a false indication of damage and must there-
fore be removed. Such an issue is common to both physics-based and
data-based approaches.

Damage indicators are typically compared to predefined thresholds
in order to classify the structural condition. The choice of a specific
threshold is closely linked to the uncertainty inherent in the damage de-
tection process. The selected threshold needs to strike a balance: it must
be strict enough to prevent false identification of damage due to uncer-
tainty, while still allowing for the identification of outliers caused by
structural damage.

In the simplest scenario, the classification of structural conditions
based on the DI value involves two possibilities: damaged and undam-
aged, constituting a binary classification. When comparing the DI with
a particular threshold, there are four possible outcomes: True Positives
(TP), True Negatives (TN), False Positives (FP), and False Negatives
(FN). To determine the probabilities associated with these outcomes, the
Probability Density Function (PDF) of the damage indicator in both un-
damaged and damaged conditions can be considered, as depicted in Fig.
5.9.

Analyzing these PDFs provides a means to assess the likelihood of
different outcomes when comparing the DI value with a specific thresh-
old. In binary classification problems, the choice of a threshold should
be based on the minimization of the odds of false damage detection (false
positives and false negatives). A statistical tool that enables the evalua-
tion of the desired results (true positives and negatives) and unwanted
results (false positives and negatives) is the Receiver Operating Charac-
teristic (ROC) curve. A ROC curve is a graphical tool that allows for
quantifying the performance of classifiers, varying the threshold posi-
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Figure 5.9: Binary classification of damage indicators.

tion, and statistically evaluating the erroneous predictions related to false
detection [147].

In most cases, however, it is not convenient to decide among thresh-
olds based solely on ROC curves (i.e., based on true positive-false pos-
itive pairs). In decision problems, possible different consequences and
expected costs related to the different outcomes should be considered.
This problem has been tackled using the principles of the Expected Util-
ity Theory (EUT) [148, 149].

5.7 Prognosis

The prognosis module relies on deterioration models and incorporates
information about the current conditions of bridges and their compo-
nents to forecast their future states. The diverse characteristics of bridge
components—varying in importance, size, age, position, and material—
coupled with their exposure to various loading and environmental condi-
tions, result in a significant variability in the rate of deterioration among
these components. The literature on degradation models spans various
applications, addressing both structural and nonstructural components,
different materials, degradation mechanisms, and environmental factors
[150].

However, the literature provides limited details on the implementa-
tion of deterioration models in existing BMSs, which hinders the ex-
pansion of this section. Following a thorough examination, information
about twenty BMSs was found and is reported in Table 5.5. These BMSs
predominantly incorporate two types of deterioration models: stochastic
and deterministic. BaTMan, Slovenia BMS, STRUMAN, and NCDOT
BMS, utilize deterministic deterioration models. However, the majority
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of BMSs, including APTBMS, Bridgit, KUBA, Ontario BMS, Pontis,
and BAUT, use stochastic deterioration models.

Table 5.5: Deterioration models used in BMSs.

BMS name Country Deterioration Model

AASHTOWare United States of America  Stochastic[12]

APTBMS Sweden Deterministic: Regression[151]

BAUT Austria Stochastic: Markov chains[152]

Bridgit United States of America  Stochastic: Markov Chain[11]

Disk Netherlands Stochastic[12]

EBMS United States of America  Stochastic: Markov Chain[12]

Florida DOT United States of America  Stochastic: Semi-Markov Chain[153,
154]

GNWT Canada Stochastic: Markov Chain[12]

KRMBS Korea Stochastic[12]

KUBA Switzerland Stochastic: Markov Chains[156]

Lat Brutus Latvia Stochastic[12]

NCDOT BMS United States of America  Deterministic: Regression[1 1]

NSW Australia Stochastic[12]

Ontario BMS United States of America  Stochastic: Markov Chain[11]

PEI BMS Canada Stochastic: Markov Chain[12]

Pontis United States of America  Stochastic: Markov Chain[11]

QBMS Canada Stochastic: Markov Chain[12]

RPIBMS Japan Stochastic[12]

Slovenia BMS Slovenia Deterministic: Regressio[28]

STRUMAN South Africa Deterministic: Regression[155]

Subsequent sections introducing these types of deterioration models
do not aim to explain them, as models adopted in existing BMSs are
well-established and widely known. Readers are directed to the provided
reference for further details [154, 156].

The limited knowledge regarding the prognosis module remains a
key focal point in this study, providing an avenue for discussing crucial
aspects and future directions within the dedicated sections.

5.7.1 Deterministic models

Deterministic models provide a single, definite solution for a given set of
model parameters and inputs. Essentially, the outcomes of deterministic
models are entirely determined by their inputs and the model’s structure
devoid of any consideration for uncertainty. These models assume well-
defined and predictable cause-and-effect relationships.

Among deterministic models, regression models find application in
BMSs. They can be either linear or non-linear depending on the type of
function used to fit the data. Linear regression models, consisting of first-
order functions, describe the deterioration process as linearly dependent
on time. Instead, nonlinear regression models utilize nonlinear functions,
such as multiple-order polynomial functions. These models can be more
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accurate in long-term predictions than linear ones [11].

According to Table 5.5, regression models are applied into the Swedish
BaTMan [152], the NCDOT BMS [11], the Slovenia BMS [28], and the
South African STRUMAN [155].

In particular, NCDOT BMS [11] employs linear regression models,
allowing, for instance, the prediction of material condition ratings by
assuming a constant traffic load over time and regular maintenance.

The recent Slovenia BMS [28] implements piece-wise linear func-
tions to approximate the deterioration state of bridge components. Such
deterioration model accounts for material characteristics (reinforced con-
crete, steel, or stone), year of construction (before or after 1995, year of
implementation of the current design code), and damage degree (neg-
ligible, low average, high, or severe). The inclusion of these parame-
ters in the definition of the linear functions was determined by analyzing
25 years of recorded inspection data and has proven to be accurate in
short/medium-term predictions.

Similarly, the deterioration model adopted in STRUMAN consists of
a piece-wise linear function. In addition to the parameters considered by
the Slovenia BMS, it accounts for traffic volume as well as environmental
and climatic factors [155].

The Swedish BaTMan system differs from other BMSs by not im-
plementing linear regression models at the level of bridge components.
Instead, it forecasts the evolution of network performance [12]. The eval-
uation of bridge component deterioration is left to the judgment of expert
engineers [152].

Deterministic models are used in BMSs because of their simplicity
and practicality. The main disadvantages include neglecting the stochas-
tic nature of bridge deterioration and the need to recalibrate the deterio-
ration model when new data are acquired.

5.7.2 Stochastic models

Stochastic models are essential tools for predicting the deterioration of
bridge components, incorporating inherent uncertainties through the use
of random variables. These models diverge into two primary approaches:
state-based models, exemplified by Markov Chain models, and time-
based models, also known as duration models [154].

Markov Chain models represent a fundamental state-based approach
to deterioration modeling within BMSs. These models operate under
the assumption of the memoryless property, where future states depend
solely on the current state and not on the historical condition of the com-
ponent. They describe the progression of bridge condition states over
discrete time intervals using fixed transition probabilities organized into
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transition matrices. Markov Chain models can be either time-homogeneous,
with constant transition probabilities (the transition matrix is thereby de-
fined as stationary), or time-inhomogeneous, where these probabilities
vary over time based on external factors such as environmental changes
or maintenance interventions. Expert opinions, bridge type, current con-
dition, environmental factors, and historical maintenance data inform the
determination of these transition probabilities [157]. The simplicity and
ability to integrate expert knowledge make Markov Chain models pop-
ular in BMS applications, such as the implementation detailed in the
APTBMS.

Time-based or duration models offer an alternative stochastic ap-
proach to deterioration prediction, focusing on the time a bridge com-
ponent remains in a particular condition state. These models utilize sta-
tistical distributions such as Weibull or Gamma to describe the variability
in the duration until the component transits to a new condition state. Un-
like Markov Chain models that emphasize discrete states and transitions,
duration models provide insights into the expected lifespan of compo-
nents under varying conditions. Factors influencing duration models in-
clude environmental conditions, structural design, and the effectiveness
of maintenance and rehabilitation efforts.

An example of a stochastic deterioration model that integrates a du-
ration model is documented in the Florida DOT BMS [153]. In this
model, the likelihood of a structure maintaining its initial condition state
is characterized using a Weibull survival function, while transitions be-
tween subsequent condition states are governed by a Markov Chain. This
combined approach is known as Semi-Markov chain model, offering a
nuanced depiction of deterioration over time.

Stochastic deterioration models represent an active research area in
academia as evidenced by recent studies [158].

However, there are some critical aspects to consider when using these
models. First, the assumptions underlying Markov chain models are
hardly satisfied in practice. For instance, it is often difficult to estimate
accurately the probabilities of transition between different states of the
structure due to the lack of reliable data. Additionally, most common
deterioration models are not always reliable, especially for bridges that
have been subjected to unusual or extreme loading conditions or that
have experienced environmental or geological hazards. Current deterio-
ration models can grasp generalized deterioration processes at the bridge
component level. However, the failure of a component is often due to
localized deterioration phenomena. This fact represents a limitation to
the application of deterioration models and must be taken into account
when performing maintenance schedules [159].
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5.8 Decision-making

Bridge management accounts for three different scales, namely: net-
work, element, and component scale. The network scale refers to a set
of bridges sharing some common characteristics, e.g., position, static
scheme, and length. The element scale focuses on an individual bridge
whereas the component scale encompasses both structural components
(e.g., deck, girders, piers) and non-structural components (e.g., road ac-
cessories, road surfaces, drainage systems) of individual bridges.

At the level of single bridges, an important aspect of bridge man-
agement relates to the optimization of maintenance activities at the com-
ponent level. Maintenance corresponds to the sequence of actions to
be taken to preserve the initial performance of a bridge and maximize
life expectancy [160]. Still, managers usually handle large portfolios of
bridges and account for unavoidable constraints in economic, material,
and personnel resources. For this reason, managers need to prioritize
maintenance activities identifying a priority ranking between different
structures. Two primary approaches for decision-making are identified:
the top-down approach, which focuses on network-level optimization,
and the bottom-up approach, which concentrates on individual bridge
maintenance optimization. The selection of the best approach generally
depends on the size of the network and also on the optimization method
employed.

5.8.1 Maintenance Strategies

Four different maintenance strategies exist, namely corrective, preven-
tive, condition-based, and predictive maintenance, each with different
characteristics and increasing complexity [160, 161, 162], see Figure
5.10.

The corrective (or reactive) maintenance strategy includes the set of
actions that are performed to repair or replace faulty components and
equipment. These failures are typically identified during routine inspec-
tions. Interventions can be carried out immediately after the detection
of failure or deferred in time, in the case the failure does not signifi-
cantly affect the bridge functionality. The corrective strategy is imple-
mented in case the costs sustained for downtime and repair are lower
than the investment required for a scheduled maintenance program or
data collection. This strategy is generally considered cost-effective for
non-structural bridge components.

Preventive strategies imply periodic activities performed on prede-
termined schedules or according to prescribed rules (e.g., use-based),
aiming at reducing the risk of failure or severe performance degrada-
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Preventive Condition Predictive

based

Figure 5.10: Maintenance strategies.

tion of bridges. Preventive strategies can be applied both for structural
and non-structural bridge components. For example, APTBMS utilizes
a preventive maintenance strategy for certain categories of bridge com-
ponents, such as components positioned on the road planes (joints, road
slabs, etc.) and accessories (guardrails, etc.) with a time frame of one
year [151]. Similarly, STRUMAN implements preventive plans for non-
structural bridge components such as drainage systems [155].

Condition-based maintenance uses new data from visual inspections,
tests, and SHM systems to identify and track deterioration. It follows
specific condition criteria, e.g., reliability thresholds, to decide when
maintenance is needed. This method cuts long-term maintenance costs,
reducing the chances of major failures. Condition-based maintenance
strategies are used for instance, by DANBRO, MRWA, and Bridgeman
BMSs, which do not include a prognosis module for maintenance opti-
mization [12].

Predictive maintenance exploits information about deterioration mod-
els to assess current conditions and forecast future failures before they
occur. This strategy is used to determine the optimal inspection and in-
tervention scheduling and prevent system failures.

Predictive maintenance involves utilizing inspection, test, and SHM
data coupled with deterioration models to forecast bridge failures before
they occur. By monitoring key parameters and analyzing trends, predic-
tive maintenance enables timely interventions and minimizes downtime.
Predictive maintenance strategies are implemented by several BMSs,
such as APTBMS, KUBA, and BatMan, as reported in [12].
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5.8.2 The Top-down and the Bottom-up approaches

The literature traditionally distinguishes two main approaches to deal
with bridge management optimization, namely the Top-down and the
Bottom-up approaches [11], see Figure 5.11.

TOP-DOWN APPROACH

Interventions are performed to
maximize the network
performance

Interventions are
implemented to ensure that
every bridge performs at a minimum level

BOTTOM-UP APPROACH

Figure 5.11: The Bottom-up and the Top-down approaches for bridge
management.

The top-down approach operates at the network level considering the
mutual relations and common features among bridges. This approach
includes the optimization of the network maintenance planning, mini-
mizing the total costs of maintenance and delay of interventions, and
maximizing the road network performance [163]. The network topol-
ogy and network roles are analyzed to find relations and determine the
most critical bridges that, if closed, would result in the highest indirect
costs (social and environmental). The identification of bridge clusters
with similar properties allows for more efficient planning of inspections
and interventions [1]. However, applying the top-down approach to large
networks becomes computationally challenging due to the need to assess
network relations and clusters in the road network.

The bottom-up approach focuses on identifying the optimal mainte-
nance strategy for an individual bridge. This approach establishes mini-
mum performance standards for the bridge and determines the most suit-
able inspections and intervention schedule. However, unlike the top-
down approach, the bottom-up approach does not consider the role of
the bridge within the network. As a result, the bottom-up approach po-
tentially results in adverse traffic conditions and a lack of coordination in
implementing maintenance activities among neighboring bridges [11].
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The US Pontis [ 16] and Ontario BMS [164], the South African STRU-
MAN [155], and the Slovenian BMS [28], implement a top-down ap-
proach in the planning of interventions. STRUMAN provides a ranking
of the bridge at the network level based on the indirect consequences of
the loss of functionality taking into consideration the relevant average
daily traffic [155]. The US Bridgit and the US NCDOT [1] implement
a bottom-up approach prioritizing maintenance activities based upon a
minimum bridge condition standard and within the budget. Information
about budget optimization approaches used in current BMSs is shown in

Table 5.6.

Table 5.6: Budget optimization approaches in BMSs.

BMS name Country

Budget optimization ap-
proach

Autonomous  Province of Italy

Trento BMS (APTBMS)

Bridgit United States of America
DANBRO Denmark

KUBA Switzerland

North Caroline Department United States of America
of Transportation (NCDOT

BMS)

Ontario BMS United States of America
Pontis United States of America
Slovenia BMS Slovenia

STRUMAN South African

Top-down[151]

Bottom-up[11]
Top-down[165]
Bottom-up[166]
Bottom-up[11]

Top-down[164]
Top-down[16]
Top-down[28]
Top-down[155]

5.8.3 Optimization methods

Optimization methods adopted in existing BMSs include single-objective
optimization procedures to allocate resources and prioritize maintenance
interventions [167]. Specifically, BMSs implement two main optimiza-
tion methods: priority index ranking and cost-benefit analyses [12].

The calculation of a priority index is a rather simple approach the
majority of BMSs adopt to evaluate and rank interventions both at an
element and at a network level. At the element level, priority indexes
can be used to compare different interventions and select the optimal
one. At a network level, priority indexes can be used to prioritize inter-
ventions among different bridges [15]. As anticipated in the diagnosis
section, both technical and non-technical PIs can be used for decision-
making. For instance, reliability and risk PIs can be used in prioritiz-
ing repair and maintenance interventions. Cerema in France and more
recently the Ministry of Transportation of Italy developed multilevel as-
sessment procedures with increasing complexity for network scale risk
management for bridge portfolios. Both procedures are characterized
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by a multi-level approach that begins with a qualitative risk assessment
of the entire bridge portfolio and concludes with a detailed analysis of
fewer critical bridges. Specifically, the Italian guidelines address multi-
ple types of hazards, including earthquakes, landslides, structural issues,
and hydraulic actions. In contrast, the French guidelines are divided into
different volumes, each focusing on a single hazard. Maintenance inter-
ventions are ordered by a priority ranking and implemented consequently
according to budget constraints.

BMS:s typically integrate a cost model. The descriptions of the most
common interventions on the numerous bridge components are standard-
ized into BMSs (in terms of cost, time, and effect) and utilized in the
maintenance optimization [12]. The APTBMS [151] utilizes a priority
index both to compare different alternatives (repair or substitute) and to
prioritize interventions within the network. This is detailed in the next
section.

Life-cycle cost analysis is typically employed in BMSs to assess dif-
ferent intervention strategies. The optimal strategy is determined based
on the life-cycle cost minimization considering either the bridge or the
network. Life-cycle cost analysis at the bridge or the network level is
implemented in numerous BMSs such as the Austrian BAUT, the Swiss
KUBA BMS, the US Pontis, Ontario, and Bridgit BMS. These BMSs
use a standardized forecast model that considers the costs of the bridge
through its entire life span (from construction to demolition) accounting
for interventions, development of future budgets for inspections and in-
terventions and cost transparency through the life-cycle of the structure.
An example of life cost analysis can be found in the Austrian national
guidelines for bridge management [168].

Furthermore, KUBA BMS, Pontis, and Slovenia BMS implement
an incremental cost-benefit analysis aiming to determine the margin by
which one option is more convenient than another [16, 166]. An in-
cremental cost analysis considers increasing budgets from zero to the
maximum constraint. For each budget, a different set of interventions
and activities can be afforded, and the resulting benefits quantified. The
lowest cost-benefit ratio indicates the most economically advantageous
maintenance strategy. The restriction imposed by the limited budget in-
fluences the final choice of maintenance activities to be executed in a
predefined time frame [16, 169]. The Slovenia BMS does not consider
the entire service life of the structure in the incremental benefit analysis,
but only the period for which the maintenance strategy is adopted and
implemented [28].

One of the main issues in single-objective optimization procedures
is that they disregard economic, societal, functional, and environmental
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aspects. These aspects could be taken into account using multi-criteria
optimization methods [161]. Despite the extensive research on this mat-
ter, as far as the authors’ knowledge, there is not yet literature relevance
that BMSs incorporate multi-criteria optimization processes [170]. A
discussion on multi-criteria optimization and other future directions is
reported in the dedicated section of this paper.

5.9 [Illustrative case study: The APTBMS

In 2004, the Autonomous Province of Trento in Italy implemented a
BMS called APTBMS, based on reliability concepts. This system aimed
to evaluate the condition and safety of its extensive inventory of approx-
imately 950 bridges. The development of APTBMS was a collaborative
effort involving the Autonomous Province of Trento, the University of
Trento, and specialists in database and web design. The system is fully
web-based and interactive, and its development was carried out incre-
mentally, with calibration and adjustments made as needed. It is contin-
uously maintained and transparent to users [151].

The APTBMS is composed of various components tailored to spe-
cific functions, including data management, safety assessment, priority
indexing, cost evaluation, and decision-making. Each component con-
sists of a package of procedures and operational tools, which can be
computer-based or paper-based. The BMS encompasses modules at the
system level, focusing on individual bridges, and modules at the net-
work level, which pertain to the entire bridge inventory. The system-
level modules contain inventory data for each bridge, information on the
condition of individual bridge components as well as the entire bridge,
and safety and structural reliability evaluations for each bridge. On the
other hand, the network-level module includes information relevant to
the entire inventory, such as the intervention price list and cost model.

The subsequent sections analyze these components and organize them
within the four modules of BMS presented in this paper.

5.9.1 Data management

Within the framework of the APTBMS, data acquisition relies on vi-
sual inspections. The inventory data encompasses details about bridge
identification, location, construction, and retrofitting. The primary ob-
jective of the inspection system is to gather information regarding the
inventory and condition of each bridge, which is achieved through five
types of inspections: inventory, superficial, regular routine, in-depth rou-
tine, and special inspections. To facilitate data management, each bridge
is divided into Structural Units, such as decks, piles, and abutments.

114



5.9. Illustrative case study: The APTBMS

These units represent conceptual entities defined by shared attributes like
length, material, typology, and spatial location. The database is popu-
lated with information obtained from documentation and direct analysis
of each bridge. Inspectors and evaluators carry out manual data entry,
encompassing inspections and safety evaluations. During inventory in-
spections, the inspector verifies the conformity of the design documents
with the actual constructed state. Superficial inspections are carried out
annually. They consist of a brief visual examination aimed at detecting
defects of a certain severity. Regular routine inspections are conducted
every three years. Their objective is the periodic control of structures
and the collection of data related to the degradation of individual com-
ponents. In-depth routine inspections are carried out every six years.
In-depth main inspection differs from the regular routine inspection only
in terms of the inspection approach, as it requires close-range exami-
nation and the use of appropriate equipment such as mobile platforms
or scaffolding. Special inspections, on the other hand, are triggered by
specific events, such as the inability to evaluate an element during rou-
tine inspections or the detection of structural anomalies that pose safety
risks.

5.9.2 Diagnosis

After storing the inspection information in the database, the bridge in-
ventory is assessed at the component, system, and network levels. At
the component level, inspectors assign Condition States (CSs) based on
the results of visual inspections contained in evaluation sheets. The CS
of a component is ranked using an indicator ranging from 1 (indicating
good condition) to a variable maximum between 3 and 5 (indicating poor
condition), depending on the type of component being assessed. The
component level CSs are divided in 5 different groups depending on the
type of structure they belong to: deck components (e.g. slab and joints),
main superstructure components (i.e., beams, arches and vaults), main
substructure components (i.e., piers, abutments), secondary components
(i.e., secondary beams, bracings), and accessory components (e.g., para-
pets and guardrails) [151].

At the structure level, different indicators are defined in APTBMS.
The most important indicator, resulting directly from the component
level CSs assigned by means of visual inspections, is the bridge condi-
tion state C'Sp,;qg. Which provides an overall assessment of the bridge,
offering an immediate and comprehensive judgment on both its compo-
nents and the bridge as a whole. It consists of a numerical value ranging
from 1 (very good conditions) to 5 (very bad conditions). The procedure
for the calculation of the C'Sy,;qg. consists of four steps, starting from
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the CSs collected at the component level [151].

First, a condition state C'S y is calculated for each component of the
bridge. C'Sv is normalized with respect to the maximum C'S' value for
that component (C'Syax ranges from 3 to 5 depending on the component)
and to the maximum value of the bridge condition state C'Sp;44e, Which
is set equal to 5. See Equation 5.1.

(CS—1)

OSy = | —22 "~/
N (CSmax — 1)

. (CSbm'd,ge -1 +1 (5.1

Second, each bridge component is categorized into five groups (deck
components, main superstructure components, main substructure com-
ponents, secondary components and accessory components) and a max-
imum normalized condition state C’S%ﬁj’ér is calculated for each group
type ¢ as shown in Equation 5.2.

OSSRt = maa{CSW; .., 08" i=1,..,5 (52)

Third, two weights are assigned to each group i: Table 5.7 reports
the weight values %’ that describe the importance of the group type i
in the evaluation of the overall substructure and superstructure condition
states.

Table 5.7: Weight values for the estimation of the bridge condition index

in APTBMS.
Type group Weight value for the Substruc- Weight value for the Su-
ture C'S perstructure C'S
1- deck 25% 25%
2 - main superstructure ele- 0% 70%
ments
3 - main substructure elements  70% 0%
4 - secondary elements 5% 5%
5 - accessory elements 0% 0%

Thus, the coefficients C'Ssyperstructure ad C'Ssybstructure are calcu-
lated as in 5.3, 5.4:

5
CSSUPETSt”‘UCtUTE = CSNMaa: ’ %superstructure (53)
1

5
CSsubstructure = CSNMaa: ’ %substructure (54)
1

Finally, the condition state of the bridge C'Sp,;4q is calculated as the
maximum value between the conditions state coefficients of the super-
structure and the substructure.
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CSbridge = max{cssuperstructure; CSsubstructure} (5.5)

Other indicators defined in the APTBMS, such as the reliability in-
dex, the probability of failure, and the critical loads multiplier, are eval-
uated only in specific cases, e.g., when the condition state of a structure
raises concern about structural safety [151].

At the network level, the priority index is calculated to rank the in-
terventions on the bridge inventory. Its calculation requires the definition
of deterioration models, maintenance models, and cost models. It serves
as a decision support tool for the manager who employs the APTBMS.
The subsequent sections focus on these aspects in more detail.

5.9.3 Prognosis

The evolution of the CS of bridge components is predicted through a
Markov Chain algorithm. By incorporating factors such as loading time,
environmental effects, and the quality of construction and maintenance,
the algorithm provides a systematic approach to forecasting the condi-
tion of bridge components. The algorithm utilizes a transition matrix,
which captures the probabilities of transitioning from one condition state
to another. This matrix considers the various factors affecting the dete-
rioration of bridge components and their impact on the condition state.
By analyzing the transition matrix, it becomes possible to estimate the
probability of a component belonging to a specific condition state at a
given time.

Figure 5.12 represents the estimation of the probability distribution
of the condition states over time. It provides a graphical representation
of how the condition of bridge components is expected to change as time
progresses.

Additionally, the impact of interventions on the CS is measured us-
ing a secondary transition matrix, which enables the estimation of the
probability of a component improving its condition state when a mainte-
nance action is implemented. The model encompasses various types of
interventions, including preventive maintenance, retrofitting, and recon-
struction actions.

5.9.4 Decision support tool

The APTBMS incorporates a decision support tool to prioritize inter-
ventions across the bridge network. In the prognosis phase, the tool esti-
mates the probability of a specific bridge component being in a particular
CS. To further evaluate the structural integrity, a capacity function is de-
fined, allowing for the calculation of the cumulative probability of failure
Px(tr) at time ¢, based on the C'S of its components.
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Figure 5.12: Probability of being in a condition state vs time. Adapted
from [151].

The Decision support tool relies on the calculation of a priority index
to determine the importance of interventions, which is defined as follows:

Px(tr) — Pxja(tL)

o= AC 5.6)

where, Px (t1) represents the probability of an unacceptable event
X occurring during the period (0, ¢7) if no action a (such as preven-
tive maintenance, renovation, or reconstruction) is taken; PX|a(t L) rep-
resents the probability of the same event X occurring if the action a is
performed; AC' denotes the cost difference between implementing ac-
tion a and doing nothing. An example of the application of the APTBMS
prioritization is reported in [171].

The assessment of unacceptability for a particular event depends on
the stakeholders involved and could pertain to the collapse of the struc-
ture or the loss of functionality and traffic safety.

For each bridge and each potential action, a priority index is calcu-
lated. The highest index indicates the most favorable action to implement
on the respective bridge. To prioritize interventions across the network,
the priority indexes of each bridge in the portfolio are ordered, and a
top-down approach is employed.

5.10 Future direction

Over the last decades, bridge management has experienced significant
changes toward digitalization. The digital twin paradigm is becoming
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increasingly popular among researchers and bridge managers. A dig-
ital twin is the digital reconstruction of a real-life asset (the physical
twin). It can include a numerical model of the bridge (e.g., finite ele-
ment model), a building information model, and a deterioration model
and can be updated whenever new information is acquired. A digital
twin aims to provide feedback in “what-if” simulations to predict asset
performance and evaluate risks [172, 173]. In this way, critical phases
and potential risks connected to the operation of these assets can be as-
sessed and avoided or tackled before the criticality occurs. Design and
construction parameters, environmental conditions, and loading history
can be attributed to the digital twin and contribute to the prediction of
the future condition state of the structure. A key feature of digital twins
is the continuous updating of the virtual model which progressively and
automatically evolves with the physical asset.

Digital twins provide components assessment and deterioration pre-
diction for specific disruptive scenarios. The simulation of a deterio-
ration phenomenon and the subsequent insurgence of damages on the
structure can provide a guide in inspection SHM data analysis, prog-
nosis, and scheduling aiding emergency protocols. Nevertheless, their
practical application for civil engineering systems is in its infancy and is
limited mainly due to the computation and resource burden [174].

In order to counteract these limits, surrogate models are increasingly
utilized. Surrogate models aim to simplify the description of complex
structures and deterioration phenomena thereby enabling fast analyses
and simulations. Surrogate models can be based on several approaches,
such as response surface models [175], Kriging models [159], high poly-
nomial functions [175], and Artificial Neural Networks [176, 177, 178].
Surrogate models can be continuously updated by collected SHM data
allowing for real-time condition assessment [175].

In the data collection context, bridge management will be increas-
ingly based on integrated results of both SHM and visual inspections.
Bridge inspection is already progressively relying on cutting-edge tech-
nologies [60]. Smartphones and tablets are being complemented with
Augmented Reality (AR) to control drones equipped with advanced sen-
sors, which can access hard-to-reach areas, capturing detailed visual and
thermal images for centralized analysis [113]. These techniques can en-
hance visual inspections by overlaying digital information onto physical
structures, and by allowing for the detection and localization of early-
stage defects [179]. Artificial Intelligence (Al) is increasingly expected
to play a crucial role in detecting, recognizing, and quantifying surface
damage on bridge components. Specifically, Convolutional Neural Net-
works (CNNs) are typically utilized [180]. Qualitative damage classes
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can be defined [181] and crack width and length can be measured [182].
A digital shadow of the bridge is created by the collected digital clouds
and detailed surface damage information can be integrated [183]. Lately,
Recurrent Neural Networks (RNN), such as Long Short-Term Memory
(LSTM), and Gated Recurrent Unit (GRU), and Generative Adversarial
Networks (GAN) are finding great interest in the research community
[184]. Further, Unmanned Air Vehicle (UAV), photogrammetry and Li-
DAR (Light Detection and Ranging) can be used for Virtual Reality (VR)
applications. The integration of advanced technologies (such as VR, AR,
Al, and IoT) to create an immersive and interactive virtual environment
for bridge management is referred to as “Metaverse” [185]. For exam-
ple, in some applications, interactive digital representations of physical
bridges are created and associated with SHM data. The combination of
visual data with SHM data can potentially enhance the understanding
of the dynamic behavior of the bridge and allow experts from different
locations to virtually inspect the bridge for final assessment [186].

Network-scale SHM approaches are gaining popularity to address
scalability issues characterizing classic contact-based SHM approaches
including indirect SHM, satellite-based InSAR monitoring, and Transfer
learning.

Indirect or “drive-by” SHM (ISHM) gathers data from sensors in
moving vehicles, significantly cutting instrumentation costs for bridge
managers. Issues in ISHM relate to modeling vehicle-bridge interac-
tion, road roughness, and complex time-varying loading patterns [187].
Crowdsourced strategies have been developed involving drivers using
their smartphones to collect data while crossing bridges [59].

Satellite-based Monitoring uses Interferometric Synthetic Aperture
Radar (InSAR) data for bridge monitoring, eliminating the need for on-
site sensors. InSAR focuses on static monitoring, providing velocity
maps and millimeter-level time series of displacements. It allows for
continuous, non-intrusive monitoring, even in difficult environments, and
offers historical data for trend analysis and proactive maintenance [188].
Additionally, remote monitoring has proven to be effective in study-
ing large-scale or local geotechnical and hydraulic phenomena, such as
scour, subsidence, and landslides [189, 190, 191].

Transfer-Learning Strategies, also known as “population-based” SHM,
enhance knowledge about structures with limited or unavailable data by
leveraging information from similar structures. This method involves
assessing similarities between bridges and transferring knowledge about
structural anomalies observed in some bridges to others within the mon-
itored population [192].

These advancements streamline the documentation process, by en-
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abling real-time cloud communication and high-quality data capture, which
enhances immediacy and accuracy during inspections [193]. To this
end, efficient data storage solutions are crucial, given the large file sizes
and diverse formats involved. Enhanced cloud-based systems are now
at the forefront of innovation, offering scalability, remote access, and
robust data management, including version control, metadata tagging,
blockchains, and secure protocols to maintain data integrity [61, 62, 63].

To foster the development of SHM systems, an important research
effort has been mounted over the past decade toward the quantification
of the return on investment in an SHM system, for instance through the
Vol from Bayesian decision theory. The Vol can be compared with the
cost of the SHM system to establish if the SHM should be adopted: if the
Vol is higher than the corresponding cost, the SHM should be installed
[194, 195, 187, 196].

In the prognosis context, to overcome the shortcomings of Markov
Chain and regression deterioration models, reliability-based mechanistic
deterioration models were proposed to be applied in the next generation
of BMSs. Corrosion and fatigue represent the two main degradation phe-
nomena affecting the durability of steel and concrete bridges. The fatigue
life of steel, reinforced concrete, and prestressed concrete components
is significantly affected by corrosion as it reduces the available cross-
section and fosters the creation of pits acting as stress concentrators and
crack initiators. Thus, deterioration models consider both phenomena
[197, 198], also considering changing traffic loads [199, 200]. Further,
the use of DTs and surrogate models to predict components’ fatigue life
facilitates inspecting/monitoring planning and maintenance optimization
[201].

Although substantial research has been dedicated to in-plane stress-
induced fatigue in welded details, distortion-induced fatigue—caused by
out-of-plane deformation—has not been adequately addressed in current
codes and regulations, despite its significant impact on structural in-
tegrity [202]. Addressing this gap is crucial for enhancing fatigue design
and life evaluation for steel girder bridges. Distortion-induced fatigue
typically manifests in the web gaps of steel girders, where differential de-
flections between adjacent girders or components result in out-of-plane
bending stresses [203]. Stress concentrations can lead to the initiation
and propagation of fatigue cracks, particularly in the web gap areas of
skewed or curved bridges [202]. To address the gaps in understand-
ing and predicting distortion-induced fatigue, numerical simulation tech-
niques have emerged as powerful tools [202, 204, 205, 206, 207]. The
digital simulations offer high efficiency and broad applicability, making
it a promising direction for the future development of fatigue research in
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steel bridges.

As for the decision-making module, the set of intervention options
should integrate the latest developments in reinforcement and mainte-
nance technologies. Forefront advancements for the reinforcement and
maintenance technologies include Fiber Reinforced Composites (FRC),
such as Ultra-high Performance Fiber Reinforced Concrete (UHPFRC),
Fiber Reinforced Cementitious Mortar (FRCM), Externally Bonded (EB)
techniques, Near Surface Mounted (NSM) techniques, and anchorage
systems [208, 209].

Fatigue cracking represents a critical challenge for the safety and
longevity of steel bridges. To address these issues, effective reinforce-
ment methods are essential to ensure structural integrity and extend the
service life of these structures. These methods can be broadly catego-
rized into hot reinforcement and cold reinforcement techniques [207].
Hot reinforcement methods involve techniques that typically introduce
significant tensile residual stresses or create new fatigue-prone details.
For example, welding is a common hot reinforcement approach where
new steel plates are welded directly to cracked areas or existing welded
connections are reworked [210]. In contrast, cold reinforcement meth-
ods aim to avoid introducing additional tensile residual stresses or creat-
ing new fatigue-prone details. Techniques such as drilling stop-holes at
crack tips [211, 212], bolting steel angles to cracked regions [213], and
bonding steel plates using adhesives fall into this category [214, 215].
Research has demonstrated that cold reinforcement methods can signifi-
cantly enhance fatigue performance.

Although only a few examples of optimization methods in BMSs are
documented in the literature, bridge management optimization consti-
tutes an active research field. BMS decision support systems take into
consideration different parameters when determining optimal manage-
ment strategies. Current research focuses on the identification of the
most significative parameters and on the definition of a Multi-Objective
Optimization Problem (MOOP), which could be integrated into the next
BMS generation. The MOOP can be solved by considering the weighted
sum of single objective optimization problems [216] or adopting some
advanced resolution methods, such as Multi-Criteria Decision-Making
(MCDM), grid searching, and genetic algorithms [217, 218]. MCDM
includes a wide number of analytical frameworks to perform such opti-
mizations accounting for multiple and often contrasting objectives, such
as maximum reliability, minimum cost, minimum environmental im-
pact, minimum impact on users, and maximum network functionality, by
proposing a trade-off among them. Further, several European Projects,
such as IM-SAFE and BRIDGITISE, aim to investigate a common decision-
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making flow for optimized and digitalized bridge management [219,
220].

The topic of transportation network resilience has been recently dis-
cussed by several authors aiming to describe the ability of transportation
systems to respond, react, and recover from adverse events such as earth-
quakes, floods, climate change, and cyber-attacks [173, 221]. Further,
national guidelines, such as the Italian Guidelines for bridges [44], report
the necessity to identify bridges of significant importance within a road
network and perform resilience analyses to evaluate the consequences
of a possible interruption of the bridge operation on the socio-economic
context.

5.11 Conclusions

The need for efficient management of existing bridges has become in-
creasingly pressing in recent years. BMSs have emerged as a powerful
tool for managing infrastructure assets, with significant advancements
in associated technologies in recent years. This paper provides a com-
prehensive overview of the current state of the art of BMSs, including a
historical perspective on the development of BMS software and the def-
inition of the four main modules of a complete BMS: data collection,
diagnosis, prognosis, and decision making.

While BMSs have shown great potential in managing infrastructure
assets, there are still several limitations that need to be addressed. The
current practices in bridge diagnosis and prognosis are closely related
to the methods adopted for data collection. Visual inspections remain
the most common method for data collection; however, they come with
notable drawbacks, including the subjectivity of results and challenges
in accessing hidden structural components. New technologies, such as
SHM and drone inspections, have emerged as promising additions to
overcome these limitations.

In terms of bridge diagnosis, condition ratings based on data col-
lected through visual inspections is the main tool for assessing structural
conditions. Although damage indicators extracted from SHM data have
been extensively investigated by the research community, their system-
atic integration into BMS frameworks requires further research and stan-
dardization efforts.

In the prognosis phase, most of the analyzed BMSs utilize Markov
chains and deterministic methods to forecast the future state of a struc-
ture. While these traditional methods have been widely implemented,
they have several limitations, including their reliance on simplifying as-
sumptions and potential inaccuracies in predicting complex deterioration
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processes. As a result, there is increasing interest in novel approaches
that combine artificial intelligence techniques with physical modeling.
These hybrid methods, which are actively being explored in the litera-
ture, promise to address the shortcomings of traditional methods by of-
fering better predictions of structural conditions.

Finally, even though several decision-making tools have been re-
ported in the literature, most BMSs hardly implement them yet. Current
approaches rely on prioritization of interventions based on priority in-
dices that take into account both the structural conditions and the costs
associated with different remedial actions. There is a need for further
research to improve decision-making processes, and BMSs will likely
become more sophisticated in this aspect in the future.

In summary, the four modules of BMSs have undergone significant
changes toward digitalization and automation, and innovative technolo-
gies, such as digital twins, are expected to enhance innovation in bridge
management and lead to more sustainable, safer, and cheaper transporta-
tion infrastructure. The overview provided in this paper has demon-
strated the significant progress in BMSs in recent years, but there is still
a long way to go to achieve optimal, all-around management of infras-
tructure assets.
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6. Interpretation of Bridge Health Monitoring Data
from Satellite InSAR Technology

This chapter contains the post-print of

Tonelli, D., Caspani, V. F., Valentini, A., Rocca, A., Tor-
boli, R., Vitti, A., Perissin, D., Zonta, D. (2023). Interpreta-
tion of bridge health monitoring data from satellite InSAR
technology. Remote Sensing, 15(21), 5242, https://doi.org/
10.3390/rs15215242.

as published in the Journal Remote Sensing, differing only from the pub-
lished article in terms of layout, formatting, and notation.

Abstract

This paper presents a study on applying satellite Interferometric Syn-
thetic Aperture Radar (InSAR) technology for the remote monitoring of
road bridges and interpreting the results from a structural standpoint. The
motivation behind this study arises from the widespread deterioration
observed in many road bridges worldwide, leading to the need for large-
scale, economic, and effective structural health monitoring (SHM) tech-
niques. While traditional contact-type sensors have cost sustainability
limitations, remote sensing techniques, including satellite-based InSAR,
offer interesting alternative solutions. The objective of this study is three-
fold: (i) to process InSAR data specifically for road bridges in opera-
tional conditions through the Multi-Temporal InSAR (MT-InSAR) tech-
nique and extract displacement time series of reflective targets on their
decks; (ii) to interpret the observed millimetric bridge displacements to
verify the consistency with expected response to environmental loads and
the possibility to detect unexpected behaviours; and (iii) to investigate
the correlation between bridge displacements and environmental loads
as temperature and river water flow variations. The study focuses on the
multi-span prestressed concrete A22 Po River Bridge in Italy, utilising a
dataset of X-Band HIMAGE mode Stripmap images acquired over eight
years by the satellite constellation COSMO-SkyMed. The study demon-
strates the effectiveness of InSAR-based SHM in detecting temperature-
induced displacements and identifying different bridge spans simply by
studying the sign of the correlation between displacements and tempera-
ture variation. It also reveals an unexpected behaviour in a portion of the
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bridge retrofitted to prevent scour issues a few years before the dataset
start date. Furthermore, the correlation between pier displacements and
river level variations underscores the importance of considering environ-
mental factors and the geotechnical characteristics of the foundation soils
in bridge monitoring. The results obtained from this study are significant
with a view to using this satellite InSAR-based monitoring for early de-
tection of anomalous bridge behaviour on a large scale.

Keywords:

structural health monitoring; interpretation; InSAR; road bridges; remote
sensing; satellite; persistent scatterers; displacement time series; corre-
lation analysis; temperature deformation.

Glossary

In this section, the authors provide a brief glossary of the notation in-
volved in the present paper.

SHM Structural Health Monitoring

SAR Synthetic Aperture Radar

InSAR Interferometric SAR

MT-InSAR Multi-Temporal InNSAR

MR&R Maintenance, Repair, and Rehabilitation

PS Persistent Scatterer

LoS Line of Sight

CSK COSMO-SkyMed

0 incidence angle

15} heading angle

APS Atmospheric Phase Screen

RP Reference Point

dios displacements along the LoS

dgg horizontal displacements

dy vertical displacements

dr, longitudinal displacements

¢ bridge orientation

y=(—p bridge’s longitudinal axis - LoS horizontal pro-
jection angle

PXY Pearson correlation coefficient between random
variables X and Y

LSA Least Square Analysis

€ deformation

T temperature
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t time

€0 geometric offset

v deformation trend

o thermal expansion coefficient
7 mean value

o standard deviation

6.1 Introduction

Structural Health Monitoring (SHM) has repeatedly demonstrated its ef-
fectiveness in providing accurate and in-time information on the con-
dition state of bridges, improving the managers’ capability to optimise
Maintenance, Repair, and Rehabilitation (MR&R) strategies and resource
allocation [1, 2]. Contact-type sensors (e.g., strain gauges, accelerome-
ters, load cells) permanently installed on bridges continuously acquire
real-time, accurate information, increasing the knowledge of infrastruc-
ture operators on the bridges’ response to traffic and environmental loads
[3, 4]. However, researchers and practitioners have repeatedly high-
lighted issues related to the economic and environmental sustainability
of traditional contact-type sensors: (i) scalability: cost of intensive in-
strumentation of a bridge ranges from 50k € to 500k €; therefore, SHM
systems are typically installed on few strategic bridges [5]; (ii) adapt-
ability: when a contact-type SHM system is installed on a bridge, its
components can be hardly re-used for other structures; (iii) reliability:
extensive faults of contact SHM system components occur during ex-
treme events, precisely when they are expected to provide critical infor-
mation on the structural health condition [6]. Furthermore, like any other
monitoring system, contact-type SHM is affected by data quality issues:
large amounts of data are generated and must be appropriately analysed
and managed to support decision-making [7].

Several remote sensing techniques have been explored in the last few
years to cope with the limits of contact-type sensors. Among them,
satellite Interferometric Synthetic Aperture Radar (InSAR) technology
has emerged as a solution to remotely monitor large-scale phenomena
such as subsidence, uplifting, or landslides [8, 9, 10, 11]. Recently, the
research community has started to investigate the possibility of apply-
ing such innovative technology for monitoring the long-term response of
civil infrastructure [12, 13, 14].

Satellite InSAR exploits the Synthetic Aperture Radar (SAR) sen-
sors carried by many satellites orbiting around our planet, which pro-
vide high-resolution weather-independent imagery of the Earth’s sur-
face. Some natural and artificial elements (e.g., rocks, light poles, house
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roofs, road guardrails) strongly reflect the electromagnetic signal emit-
ted by SAR sensors, which receive it back and generate radar images
of Earth’s surface: the SAR images. Through appropriate datasets and
data-analysis techniques, it is possible to obtain displacement time se-
ries of some of those reflective elements—called Persistent Scatterers
(PSs)—along the Line of Sight (LoS) connecting the SAR sensor to the
reflective elements up to millimetric level [15]. In principle, SAR tech-
nology allows the monitoring of large territory and civil infrastructures
without installing traditional sensors on-site. Moreover, it potentially
gives the possibility of going back in time and studying the past be-
haviour of structures based on archive SAR imagery acquired by satel-
lites in the past years. However, the use of such technology for these
purposes is still in its early stages, and only a limited number of case
studies have been reported in the literature.

As far as buildings are concerned, visual inspection campaigns were
conducted in [16] to confirm the reliability of satellite technology in
determining differential movements that would decrease serviceability,
and the negative effects of the subsidence phenomenon have been ob-
served in [17]. The reliability of structural monitoring of dams through
InSAR technology was studied by [18], even though it was carried out
by first-generation sensors (ENVISAT) with low spatial/temporal resolu-
tion. However, this study encouraged monitoring dams with higher spa-
tial resolution sensors, as in the case of [19]. InSAR has also been used
for monitoring ground surface movements following the construction of
underground tunnels. Two applications are reported by [20]: the first em-
phasises the integration between InSAR monitoring and traditional mon-
itoring; the second studies the temporal evolutions of settlements along
a landslide slope hosting two tunnels using Multi-Temporal InSAR. Re-
garding roads and railways, the possibility of large-scale monitoring of
these structures through InSAR is demonstrated in [21]. Similarly, [22]
presents a completely automated monitoring solution for road networks,
highlighting possible damages or unexpected displacements.

Delving into the published studies on bridge monitoring using In-
SAR technology, [12] extracted important information regarding the ef-
fects of bridge scour. Through the analysis of historical series, the au-
thors observed unexpected behaviour of the pier affected by scour al-
ready one month before its collapse. In addition, [23] studied the pro-
gressive displacement of some bridges in California (USA), observing
how these movements were not attributable to structural defects but were
caused by subsidence phenomena resulting from the continuous water
pumping from the surrounding aquifers. Also, [24] demonstrated that it
was possible to measure past anomalous deformations of the Morandi
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Bridge (Italy)—which collapsed in 2018—using archived InSAR im-
ages, highlighting a continuous increase in the relative deformation be-
tween the pier and the deck of this bridge since 2015. An attempt to re-
construct the two-dimensional displacement field was conducted by [25],
acquiring displacement information from ascending and descending ge-
ometry for the Albiano-Magra viaduct, which collapsed in 2020. Finally,
an interesting study published by [13] utilises satellite monitoring as an
early warning tool for unexpected displacements.

The number of scientific publications focusing on InSAR-based SHM
of civil infrastructure is increasing exponentially, as well as the special
sessions on this topic in international conferences. Most current research
works can be divided into two groups. Group 1 addresses the estimation
of displacement time series of PSs identified on the civil infrastructure,
focusing on the InSAR data processing technique and the mathemati-
cal aspects of the algorithms exploited, without giving any interpretation
of data from the structural standpoint (e.g., kinematic behaviour of the
structure, structural response to loads, identification of abnormal vari-
ation in extracted time series possibly related to structural damages or
evolving degradation). Group 2 addresses the interpretation of the PS
displacement time series, paying little or no attention to measurement
accuracy or the possibility that some patterns visible in the time series
were related to the interpretation model used in the data analysis.

In the given context, this paper aims to cover the gap by present-
ing (i) an entire MT-InSAR data processing specifically performed for
road bridges in operational conditions to extract displacement time se-
ries of PSs; (ii) the engineering interpretation of the millimetric ground
and bridge displacements observed while being aware of the process
followed to obtain such results; and (iii) a study of the correlation be-
tween the displacements of the bridge and environmental phenomena
(temperature and river water flow) to further improve the engineering in-
terpretation of InSAR results. Specifically, our analysis is based on a
real-life case study: the A22 Po River Bridge of the Italian A22 High-
way, a strategic, prestressed concrete bridge along the European route
E45, which crosses the wider and longer Italian river, the Po River. Our
study exploits a dataset of 109 X-Band HIMAGE mode Stripmap images
acquired in the descending geometry by the Italian COSMO-SkyMed
mission from 2014 to 2021. We performed the MT-InSAR data pro-
cessing with the software SarProZ© (https://www.sarproz.com/), version
‘SARPROZ 08-September-2022 16:32:33’.

In detail, 6.2 introduces the A22 Po River Bridge, the case study
area, and the dataset of SAR images. 6.3 describes the methods used
to process SAR images through MT-InSAR, calculate the vertical and
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horizontal components of PSs displacements from the InSAR results,
and study the correlation between the bridge displacements over time
and the environmental load it experienced. 6.4 reports and discusses
our study’s results, from the structural interpretation of the MT-InSAR
displacements to the correlation analysis between bridge displacements
and environmental loads. Conclusions are eventually drawn in 6.5.

6.2 Case Study

6.2.1 AZ22 Po River Bridge

The A22 Po River Bridge is part of the Italian A22 Highway. It is lo-
cated in the Mantua province, Italy. It consists of two identical, parallel
viaducts made entirely of reinforced concrete and prestressed concrete;
it has 14 spans for a total length of 980 m. Each viaduct accommodates
a separate highway carriageway. It was designed and built following the
1962 Italian standards for calculating loads of road bridges “Circ. Min.
LL.PP. 14/02/1962, n. 384”. Figure 6.1 shows a picture of the A22 Po
River Bridge and a top view of the case-study area. Figure 6.2 shows the
plant and prospect of the bridge.

Figure 6.1: (a) Picture of the A22 Po River Bridge, Italy; (b) Top view of the case-study area.

The structural system comprises 36 m-long internally simply sup-
ported spans that lean on shear keys at the end of 14.15 m-long can-
tilevers, resulting in a total span length of 72.8 m between the piers. The
cantilevers’ deck comprises a double box girder with variable heights
ranging from approximately 2.3 m to 3.5 m. The supported span gird-
ers are 2.2 m high. In 2002, a widening work involved the symmetrical
widening of the carriageways from 10 m to 11.3 m, increasing the thick-
ness of the upper slab. The original slab thickness ranged from 20-22
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Figure 6.2: (a) Plant and (b) elevation of the A22 Po River Bridge. Dimensions in meters.

cm, which was increased to an average thickness of 35-37 cm for the
suspended spans and piers. Additionally, the transverse slope of the deck
was increased from the original 2% to the current 2.5%. Consequently,
the widening works significantly increased the overall deck mass (ap-
proximately 6 t/m). Figure 6.3 shows longitudinal and cross sections of
the bridge in the current configuration.

The suspended spans lean on monodirectional and multidirectional
steel-Teflon bearings in the north direction and fixed steel bearings in
the south direction. Seismic dissipators connect the suspended spans to
the cantilevers at the shear keys with fixed bearings. Figure 6.4 shows
a scheme of the suspended span bearings and a picture of the seismic
dissipators.

The bridge has 13 piers, with 5 piers within the riverbed and 9 on the
floodplain (6 on the north side towards Mantua and 2 on the south side
towards Modena). Each pier consists of 6 circular column elements with
a diameter of 1.5 m. At the base of the columns is a reinforced concrete
collar with dimensions 2.0 m x 0.6 m. The foundation piles, also with a
diameter of 1.5 m, extend below the collar and serve as natural extensions
into the ground from the columns above. The piers in the riverbed have
10 m-heigh columns and approximately 28 m-long piles; the piers in the
floodplain have 7 m-heigh columns and approximately 26 m-long piles.

The last bathymetric survey was performed in 2009, and backfill soil
was placed around Pier 11 to decrease its free length in 2012. As a result,
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Figure 6.3: (a) Longitudinal section of Piers 10 and 11 and (b) cross
sections of the A22 Po River Bridge. Dimensions in meters.
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Figure 6.4: (a) Scheme of the suspended span bearings; (b) picture of the seismic dissipators.

the above-ground part of the foundation poles is approximately 8 m for
Piers 8, 9, and 10, approximately 11.40 m for Pier 11, and approximately
1 m for the other piers. The erosion at the base of Pier 11 was essentially
caused by the increased speed of the stream and the formation of vortexes
at the base of the pier; these actions generated the progressive removal of
material (solid transport) in the area surrounding the base of the pier with
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the consequent formation of a localised depression in the riverbed. Given
this erosion phenomenon, some backfill soil might have been removed
since 2012.

6.2.2 Case Study Area and Environmental Loads

The case-study area is 17.6 km2, close to Mantua in northern Italy. It
includes the villages of San Nicolo Po and Portiolo and is crossed by
the Po River, Italy’s longest and widest river. This area is subjected
to a slow progressive subsidence of around 1.0-1.5 mm/year, as visible
in the vertical displacement measurement accessible from the European
Ground Motion Service [26].

In the case study area, the subcontinental climate is characterised
by high humidity, snowfall and fog in winter and a muggy, humid cli-
mate with little ventilation in summer. Temperatures vary between —5
°C and 40 °C throughout the year, with daily temperature variations of
10 °C to 15 °C around the average. Figure 6.5a shows the air tempera-
ture measured between UTC 5 p.m. and 5:30 p.m. from January 2014 to
December 2021 by the meteorological station 5.6 km from the A22 Po
River Bridge in Gorgo di San Benedetto Po (MN). As commonly known,
the vertical deflection and longitudinal deformation of prestressed con-
crete bridges with a structural scheme similar to the A22 Po River Bridge
strongly respond to temperature variation [27]. Thus, we expect to mea-
sure a periodical displacement of the A22 Po River Bridge from satellite
SAR images, which is correlated to seasonal temperature variation.
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Figure 6.5: Time series from 1 May 2014 to 12 May 2021 of (a) temperature variation in the case
study area and (b) water flow level of the Po River.

Significant water flow variations characterise the Po River; the water
level has periodically increased up to 10 m in the period we are interested
in, which caused the floodplain to fill up during heavy rains. Figure 5b
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shows the water level of the Po River from 2014 to 2021 measured be-
tween UTC 5 p.m. and 5:30 p.m. by the hydrometer of the Interregional
Agency for the River Po (AIPO) installed on the Borgoforte Bridge, lo-
cated just 7.4 km before the A22 Po River Bridge.

The lithology of the foundation soils was deduced from the results of
surveys conducted during the construction close to Pier 7 and the South
Abutment. Surveys show a predominance of uniform grain size sands
with traces of silt in the higher levels and peaty traces at the deeper levels
(>15 m from ground level). The survey report indicates an average value
of the soil elastic modulus of 8 MPa, constant over a depth of 15 m from
ground level, and a friction angle conservatively assumed to be ¢ = 32°
at the base of the piles and zero cohesion over the entire length of the
foundation piles.

6.2.3 Dataset of SAR Images

We analysed a dataset of SAR images acquired by the Italian satel-
lite mission COSMO-SkyMed (CSK, 1st generation), which have been
granted free of charge by the Italian Space Agency (ASI) to the Depart-
ment of Civil, Environmental and Mechanical Engineering at the Uni-
versity of Trento. CSK satellites carry X-band radar sensors with a fre-
quency of 9.6 GHz and a wavelength of 3.1 cm. The revisit time of the
CSK constellation (i.e., the number of days between two successive iden-
tical passes over the same area) is about 16 days; therefore, the temporal
resolution is about 1-2 products per month for images of the same area
in both ascending and descending geometry.

Our dataset includes CSK images acquired in Stripmap HIMAGE
mode—a medium-resolution mode with a nominal spatial resolution of
3 m——collected over long, continuous 40 km-wide swaths. The dataset
counts 109 images acquired in descending orbit at UTC 5:13 p.m. and
covers 8 years, from 1 May 2014 to 12 May 2021. The CSK satellite
that acquired the images of our dataset has right-side looking-angle with
an incidence angle § = 33.9449° (i.e., the angle between the LoS and
the normal to the ground in our area) and a heading angle § = 10.6095°
(i.e., the angle between the satellite orbit and the North-South direction).
Figure 6.6a shows the footprint of our dataset. The investigated area is a
4.2 x 4.2 km? portion of this footprint, cropped from the original SAR
images and shown in Figure 6.6b. It includes the A22 Po River Bridge
and the villages of San Nicolo Po and Portiolo. Villages and artificial
structures in this area contribute to the successful co-registration of SAR
imagery. Figure 6.7 shows the “Star Graph” connecting the dataset, high-
lighting the temporal and normal baselines. The master image of the de-
scending dataset corresponds to the date 24 July 2017 it is the barycentre
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of the images’ graph and minimises the temporal and normal baselines,
reducing the temporal and spatial decorrelation between images.

Figure 6.6: (a) Footprint of our dataset (full frame) and (b) multi-temporal reflectivity map of the
investigated area, which represents a portion of the dataset footprint cropped from the original SAR
images.
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Figure 6.7: Star Graph of the dataset with red marks highlighting dates of first, master, and last
images.
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6.3 Method
6.3.1 Multi-Temporal InSAR for Bridge Monitoring

InSAR is a remote sensing technique that uses the phase information
of radar signals emitted by Synthetic Aperture Radar (SAR) sensors
mounted on satellites and backscattered by the Earth’s surface to mea-
sure the displacement of reflective targets along the Line of Sight (LoS)
of the satellites [28]. A SAR image is a collection of complex numbers
organised in pixels over the investigated portion of the Earth’s surface.
The module of the complex number represents the signal amplitude and
is related to the target reflectivity; the phase of the complex number is re-
lated to the distance between the radar sensor and the reflective target in
the pixel. By comparing two or more SAR images of the same area taken
at different times (repeat-pass interferometry), it is possible to calculate
the phase differences of pixels between the images, which are related
to the deformation of the Earth’s surface. The phase differences can be
converted into a displacement map showing the spatial distribution of
the reflective targets’ displacements along the LoS. Those reflective tar-
gets are called Scatterers (PSs) and are point-like targets that exhibit high
reflectivity and stable phase behaviour over time).

The standard InSAR approach is affected by many different limita-
tions, so different Multi-Temporal InSAR (MT-InSAR) techniques have
been developed in the last decades [8, 9, 10, 15]. The MT-InSAR tech-
nique is a method of processing SAR images that allows for detecting
small changes in the Earth’s surface over long periods. This technique
involves analysing a series of radar images of the same area taken over
several years and comparing the phase differences between them and a
reference image called master.

After the coregistration of all 109 SAR images and the preliminary
analysis aimed at deriving the dataset’s main statistics, we performed the
actual MT-InSAR processing. The following are the main steps involved
in our MT-InSAR workflow and the main choices we made during the
analysis of our dataset:

(1) Atmospheric-phase removal. One advantage of MT-InSAR com-
pared to standard InSAR is the possibility to estimate and remove
the atmospheric phase disturbance from the SAR images. This
step is critical because the atmospheric phase contribution is one of
the primary sources of error in InSAR data. An initial selection of
pixels related to potential candidate targets (the PSs) is processed
by connecting them in a spatial graph and estimating the main pa-
rameters affecting the interferometric phase along the connections
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(for our case, deformation velocity, thermal expansion, and height
of the targets). After this estimation, the residual phase signal is
used to estimate and remove the Atmospheric Phase Screen (APS)
contribution from the original SAR images [28].

(2) Persistent Scatterer Selection. Once the APS phase contribution is
removed from the images, a higher number of pixels can be anal-
ysed with the MT-InSAR algorithm to derive the parameters with
respect to a common reference point (RP)—a specific PS used to
anchor the estimated deformation time series. The RP is selected
based on high temporal coherence and limited deformation over
time [15, 28]. After estimating the parameters, we filtered out all
PSs with a temporal coherence lower than 0.6. We recall that tem-
poral coherence is a quality metric of the extracted displacement
time series with respect to the model used and ranges from O (low
quality) to 1 (high quality) [28]. As a result, we included 8426 PSs
in our analysis, most of them located over roads and villages.

(3) Time series analysis. Deformation time series can be extracted for
every PSs based on the filtered phase data. Displacements are rel-
ative in time and space. In time, they are relative to the date of
the master image; in space, they are relative to the displacement
of the common RP (the same used in the previous step of the anal-
ysis). Note that deformations mean displacements along the Line
of Sight of the satellite. A negative deformation means that the PS
moves away from the satellite, while a positive deformation means
that the PS moves towards the satellite.

Figure 6.8 shows some results obtained during the MT-InSAR data
processing of our dataset.

6.3.2 Calculation of Vertical and Horizontal Displacement

Suppose the displacements of an area of the Earth’s surface along the
LoS of satellites within a specific time interval are known for ascend-
ing and descending geometries. In that case, it is possible to derive the
East—West and vertical displacements of the PSs in the same area using
trigonometric calculations that depend solely on the incidence angles of
the two geometries. More information on the assumptions and the pro-
cedure to perform this calculation can be found in [29]. In our study,
we only analysed SAR images acquired in the descending geometry be-
cause the dataset of SAR images acquired in the ascending geometry is
highly incomplete. Therefore, we cannot utilise the procedure mentioned
above to extract the vertical and horizontal displacements of the bridge.
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Figure 6.8: Some preliminary and final results obtained during the MT-InSAR data process-
ing of our dataset. Example of (a) coherence and (b) phase of an interferogram of two images
belonging to the dataset; (c) reflectivity map; (d) DEM in SAR coordinates; (e) average spa-
tial coherence for all the interferograms generated—the map is related to the interferograms
generated by connecting the images using the Minimum Spanning Tree (MST) graph [11]; (f)
amplitude stability index; (g) map of the PSs of the case-study area (not filtered by coherence
threshold); (h) detail of the PSs of the A22 Po River Bridge; (i) picture of the bridge aligned as

in the (h).

However, we can study the bridge behaviour under the two extreme con-
ditions: (i) the deck experiences exclusively vertical displacements, and
(i) the deck experiences exclusively horizontal displacements while be-
ing aware that the actual behaviour of the bridge is a combination of

these two.

In the case of these two extreme conditions, it is possible to project
the measured PS displacements along the LoS (di.s) onto the vertical
(dy) and horizontal (df7) components of the L.oS, given the incidence an-
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gle of the LoS (6 = 33.9449°) for our dataset. Furthermore, in the case
of exclusively horizontal displacements along the longitudinal direction
of the bridge, it is possible to project horizontal displacements dy onto
the longitudinal direction of the bridge (dy ), knowing the angle between
the satellite’s orbit direction and the North—South direction (heading an-
gle, 5 = 10.6095°) and the angle between the bridge’s direction and
the North—South direction (bridge orientation, ¢ = —33.5°). Figure 6.9
shows these projections for displacements derived from a right-looking
satellite in descending geometry and for the actual orientation of the Po
River Bridge.
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Figure 6.9: (a) Projection of displacements along the LoS (dr,s) onto the vertical direction (dy)
assuming exclusively vertical displacements of the bridge; (b) projection of dy,s onto the horizon-
tal component of the LoS (dy) assuming exclusively horizontal displacements of the bridge; (c)
projection of dg onto the longitudinal direction of the bridge (dy ) assuming exclusively horizontal
longitudinal displacements of the bridge.

Although strong, the hypothesis of exclusively longitudinal horizon-
tal displacements is plausible for the Po River Bridge portion in the
floodplain, as no loads induce transversal displacements to the bridge’s
direction. Indeed, displacements induced by wind have a frequency and
variability too high to be observed with the 16-day acquisition frequency
determined by the satellite’s revisit time. The only displacements in-
duced by environmental loads observable on this bridge portion at this
acquisition frequency are those resulting from seasonal temperature vari-
ations. A different scenario applies to the displacements of the bridge
portion in the riverbed, which can also be influenced by the hydraulic
forces of the Po River on the piers, transverse to the bridge’s direction,
varying with changes in the water level measured by the hydrometer lo-
cated upstream of the bridge.

Regarding our dataset, the CSK satellite that acquired the SAR im-
ages moved from North to South with a right-looking angle. Consider-
ing that a negative deformation means that the PS moves away from the
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satellite, while a positive deformation means that the PS moves towards
the satellite, we can conclude that:

* Negative displacement along the LoS of a PS means that that por-
tion of the bridge moves mainly vertically downward, mainly hor-
izontally toward the West, or a combination of the two;

* Positive displacement along the LoS of a PS means that that por-
tion of the bridge moves mainly vertically upwards or mainly hor-
izontally toward the East, or a combination of the two.

6.3.3 Correlation between Time Series

Displacements of isostatic structures are typically linearly correlated to
the loads applied (e.g., dead loads, live loads, and temperature varia-
tions). Many studies investigate the correlation between time series of
environmental loads and measurements from long-term monitoring of
civil structures [30]. Correlation analysis is a method of statistical eval-
uation used to study the strength of a relationship between continuous
variables. Given two random variables, X and Y, the Pearson correla-
tion coefficient pxy expresses their linear correlation [31]. The Pearson
coefficient ranges between -1 and +1: +1 means perfect direct correla-
tion, and -1 means perfect inverse correlation. Investigating a potential
correlation between variables employing the Pearson coefficient involves
considering the hypothesis of a linear relationship between them. How-
ever, it should be acknowledged that variables can exhibit more complex
relationships than simple linear ones. Remarkably, two datasets with
low or no linear correlation may demonstrate a robust nonlinear relation-
ship. Nevertheless, assessing linear correlation as a preliminary step is
valuable for identifying variables that exhibit a relationship before per-
forming further correlation analyses.

6.4 Results and Discussion

Section 6.4.1 and Section 6.4.2 report and discuss the results directly ob-
tained from the MT-InSAR analysis of COSMO-SkyMed SAR images
of the area of interest. Specifically, Section 6.4.1 interprets the displace-
ment time series and velocity of the PSs identified on the bridge and
its access lines, while Section 6.4.2 interprets their consistency with the
expected response to temperature variation. On the other hand, Section
6.4.3 and Section 6.4.4 investigate and discuss the correlation between
the displacement time series and environmental loads. Specifically, Sec-
tion 6.4.3 focuses on the correlation of displacements with the variations
in air temperature, while Section 6.4.4 focuses on the correlation of dis-
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placements with the variation of the water level of the Po River measured
in proximity to the bridge. They also investigate whether it is possible to
identify different bridge spans based on the opposite longitudinal defor-
mation of the bridge cantilevers in the floodplain and the effect of water
level variation on the response of the bridge piers in the riverbed.

6.4.1 Structural Interpretation of PS Deformation Velocity

Using the MT-InSAR technique, we identified 8426 PSs on the bridge
and in its surrounding area, and we extracted the time series of displace-
ments along the LoS over eight years, from 2014 to 2021. Figure 6.10
shows the PSs’ distribution in the case-study area, illustrated in a colour
scale representing their displacement velocity along the satellite LoS.
The velocity ranges from —13.21 mm/year (away from the satellite, in
red) to 3.59 mm/year (toward the satellite, in blue). The velocity of PSs
has been calculated during the MT-InSAR data processing by fitting a
linear function over the entire time series of displacement through the
least-square analysis. The standard deviations of the estimated velocity
range between 0.21 and 0.56 mm/year, depending on the considered PS.

Velocity
[mm/year]

<-10.0 "
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50--3.0
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15-15
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30-50
50-10.0
>10.0

500 m

Figure 6.10: Distribution of the PSs identified in the case-study area illus-
trated in a colour scale representing their displacement velocity along the
satellite LoS.

The PSs are mainly concentrated along the highway, within urban
centres, and along local roads. As expected, the PSs are absent along
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the river and cultivated fields, except for four aligned PSs in the upper
left corner, corresponding to high-voltage power line towers. Most PSs
are coloured in green, indicating nearly negligible deformation velocity
ranging between —1.5 and +1.5 mm/year. The road accessing the bridge
from the south exhibits red and orange PSs, as does the road adjacent to
the southern embankment of the river. The bridge is primarily covered
by green PSs, with a small yellow portion—meaning deformation veloc-
ity between -3 and —1.5 mm/year—near Piers 10 and 11. These results
suggest that the bridge experiences nearly negligible deformation veloc-
ity throughout its span, except for the portion that underwent significant
erosion at the base of the piers and was retrofitted with backfill soil in
2012, as indicated by the yellow colour of PSs. This result may suggest
the resumption of erosion phenomena at the base of the piers, which may
have eroded the backfill soil after 2012.

It is important to note that the deformation measurements obtained
using the MT-InSAR technique from SAR satellite images are along the
satellite LoS, i.e., from the sky to the ground and from right to left in this
image. Negative values indicate displacements away from the satellite;
therefore, negative velocities may result from a combination of down-
ward and westward displacements.

We focus on the deformation velocities ranging from 0.5 to 2.5
mm/year to investigate the bridge displacements further; this allows for
a better graphical representation—with greater details—of the PS dis-
placements extracted along the bridge’s LoS. Figure 6.11a shows the PSs
on the bridge in a colour scale representing velocity with small ranges;
Figure 6.11b shows the same PSs in a colour scale representing temporal
coherence; as we can see, the temporal coherence of these PSs is mostly
higher than 0.7, confirming the results’ quality.

Let us focus on Figure 6.11a. In the portion of the bridge over the
floodplain, the deformation velocities are mainly between —0.5 and —1
mm/year. Conversely, in the portion of the bridge over the riverbed, the
deformation velocities are close to 0 mm/year towards the north bank
of the river and exceed —2 mm/year near Piers 10 and 11. The veloci-
ties return to approximately —0.5 mm/year after leaving the river’s south
bank. This result confirms the nearly negligible deformation velocity
along most of the bridge but close to Piers 10 and 11.

6.4.2 Structural Interpretation of PS Deformation Periodic-
ity
Besides studying the deformation velocities of the different bridge sec-

tions and the surrounding territory, we are interested in investigating the
periodicity of the observed displacements because we expect their cor-
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Figure 6.11: (a) Velocity along the LoS and (b) temporal coherence of the PSs identified on the A22
Po River Bridge.

relation with the seasonal air temperature variations in that area. For
this purpose, in Figure 6.12 and Figure 6.13, we isolated the displace-
ment time series of some PSs of particular interest to observe and discuss
them. All the selected PSs have temporal coherence higher than 0.8.
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Figure 6.12: Displacement time series of PSs located on (a) the access lane
to the north (PS 4322, PS 4361) and south (PS 77542, PS 8202) of the
bridge; (b) the top of Pier 10 (PS 6228, PS 6160) and Pier 11 (PS 6596,
PS 6705).

Let us begin with the PSs located on the access lane north and south
of the viaduct, whose displacement time series are shown in Figure 6.12.
We can observe that the displacement time series of a PS on the southern
access lane (PS 8202) is characterised by a deformation velocity exceed-
ing -5 mm/year along the LoS and limited seasonal periodicity. The
limited periodicity aligns with the expectation since this access lane has
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Figure 6.13: Displacements of (a) the north cantilever and (b) the south can-
tilever of Pier 4 in the floodplain; displacements of (c) the north cantilever
and (d) the south cantilever of Pier 9 in the riverbed; (e) location of PSs on
Pier 4, and (f) location of PSs on Pier 9.

been constructed with embankment soil, which is not expected to exhibit
significant displacements in response to temperature variations. In con-
trast, the high velocity suggests abnormal displacements of the access
lane. The infrastructure operator has recently detected such abnormal
displacements and is already addressing this issue. A similar behaviour
is observed on the northern access lane, where the periodicity is almost
absent, and the deformation velocity is around —2 mm/year, indicating a
less pronounced effect than the southern access lane, consistent with the
results shown in Figure 6.10.

Next, we examine the displacement time series of some PSs iden-
tified along the bridge. Figure 12b illustrates the displacements of the
top of Piers 10 and 11, represented by yellow PSs in Figure 10. It is
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evident that the behaviour is similar for both PSs: a noticeable negative
displacement trend along the LoS of approximately —2 mm/year-even
though more pronounced in the PSs located at the top of Pier 11-and a
more visible periodicity compared to the PSs on the access lanes.

The greater periodicity was expected since these are displacements
of reinforced concrete piers with a theoretical thermal expansion coeffi-
cient of around o = 15 - 1079 °C~!. We can estimate the actual ther-
mal expansion coefficient o based on the observed displacements and
the measured temperatures. That would allow us to qualitatively verify
whether the displacements obtained through MT-InSAR applied to our
dataset are consistent with the expected displacements for a structure of
this type. To do this, we perform the following procedure, whose results
are reported in Table 6.2:

Table 6.2: Mean value (1) and standard deviation (o) of the model parameters fitting PS defor-
mation time series estimated through LSA, including deformation trend v—both in pe/year and
mm/year—and the thermal deformation coefficient . 1 pe = 1 pm/m

PS Pier €o [pe] v [pe/Year] v [mm/Y ear] a [ue/°C]

W o W o I o W o
6228 10 23.32 15.60 —25.56 3.236 —0.3840 0.0485 19.22 0.790
6160 10 156.3 20.70 —48.76 4.293 —0.7315 0.0644 18.93 1.050
6705 11 78.06 2291 —182.2 4.751 —2.7334 0.0713 22.54 1.162
6831 11 65.14 23.58 —150.5 4.891 —2.2583 0.0734 13.09 1.196

(1) Assume that the piers’ displacements in response to thermal vari-
ations are mainly vertical;

(2) Project the observed displacements along the LoS (dy,s) onto the
vertical direction (dy ) according to Equation 6.1, knowing the in-
cidence angle 6 = 33.9449° :

dv = dLos/CO$9 (61)

(3) Divide the vertical displacements by the height of the piers and the
girders (approximately 15 m above the river surface) to obtain the
time series of vertical deformation € of Piers 10 and 11;

(4) Fit the time series of vertical displacement with Least Square Anal-
ysis (LSA) and a linear model that takes as inputs deformations e,
temperatures 7', and the time ¢ at which the measurements were
taken and estimates a purely geometric offset ¢g, the deformation
trend v, and the thermal deformation coefficient ««. The model is
described in Equation 6.2:
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e=¢+v-t+a-T (6.2)

The velocities—uv [mm/year]—are consistent with those obtained di-
rectly from the MT-InSAR analysis (see Figure 6.12b), and the ther-
mal expansion coefficients « are consistent with those expected for pre-
stressed concrete bridges. These results allow us to conclude that the
magnitude of the periodic displacements observed through this technique
is consistent with the expected temperature response for this bridge.

Now, let us focus on the part of the bridge characterised by green
PSs in Figure 6.10 and Figure 6.11, indicating deformation velocities
between -1.5 and 1.5 mm/year. Figure 6.13a,b show the displacements
of the north and south cantilevers of Pier 4 in the floodplain, while Figure
6.13c,d show the displacements of the north and south cantilevers of Pier
9 in the riverbed. We can observe that all displacement time series ex-
hibit a significant periodicity with an annual period, consistent with the
periodicity of temperature variations. However, there is an opposite sign
in the displacement variation between the PSs in opposite cantilevers of
Pier 4: when the northern cantilever displacements increase, the south-
ern cantilever displacements decrease, and vice versa. Regarding the ob-
served displacements of the cantilever of the riverbed Pier 9, periodicity
is present but less pronounced on the northern side than on the southern
side. However, unlike Pier 4, where a deflection trend is clearly visi-
ble, displacements of Pier 9 seem to be affected by other phenomena in
addition to temperature variation. We will discuss this in Section 6.4.4.

6.4.3 Correlation between Displacements and Temperature
Variations

We start the correlation analysis by studying the linear correlation be-
tween PS displacements and temperature variations. First, we decimate
the temperature dataset to one measurement per day for the days corre-
sponding to the satellite passage over the case study area.

Figure 6.14 illustrates the map of identified PSs on the bridge, rep-
resented in a colour scale corresponding to the Pearson correlation co-
efficient resulting from comparing displacements time series of each PS
and temperatures. In Figure 6.14a, we can immediately observe a clear
difference in correlation values between the floodplain and the riverbed
portions. Specifically, a positive correlation ranging from 1 to 0.7 is ob-
served in the riverbed portion between Piers 8 and 11, while a positive
but lower correlation—below 0.5—is seen between Pier 11 and the south-
ern bank of the river. In contrast, in the floodplain portion, there is a pe-
riodic variation in the colours of the PSs, ranging from transverse groups
of yellow—orange—red PSs (with a negative correlation between -1 and
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-0.3) to transverse groups of green PSs (with a correlation between -0.3
and 0.1), and finally to transverse groups of blue PSs (with a correlation
between 0.1 and 0.5), followed by another yellow-red PS groups (where
the correlation drops down to -1 again). Figure 6.14b shows a zoom on
the floodplain portion of the bridge where magenta arrows highlight the
yellow—red coloured PS groups.

Correlation ‘

| 100m |

@ b

Figure 6.14: Linear correlation between air temperature variation and displacement time series of PSs
identified on (a) the A22 Po River Bridge and (b) the portion of the bridge in the floodplain. Magenta
arrows highlight the yellow—red coloured PS groups.

These differences in the linear correlation are also clearly visible in
6.15, which shows the scatterplot of the variables Displacements (df ,s)
and Temperature with the least-squares reference line—the slope of which
is equal to the displayed correlation coefficient p—for some PSs whose
displacement time series have been reported in Figure 6.13. In the riverbed,
the displacements of the PSs located over the Pier 9 exhibit a positive cor-
relation ranging from 0.7 to 0.9. In the floodplain, the displacements of
the PSs located over the north cantilever of Pier 4 exhibit a negative cor-
relation, while those located over its south cantilever exhibit a positive
correlation.

This periodic variation of the linear correlation along the bridge is
clearly visible in Figure 6.16, where this parameter is reported for the
three lines of PSs highlighted in the figure plotted against the length
of the bridge. Figure 6.16 also shows the longitudinal section of the
bridge on the same scale as the PS map and the graph. Marking the
negative peaks of the correlation (see the black dashed lines in Figure
6.16), we can notice that they correspond to the right (northern) joint of
the suspended span—the one with monodirectional and multidirectional
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Figure 6.15: Scatterplots of the variables Displacements (di,s) and Temperature with the least-
squares reference line (magenta line) and correlation coefficient (p) for PS 4894, PS 4970, PS

5857, PS 5885.

bearing (thus, roller supports).

To confirm the periodicity in the correlation variation along the bridge
length observed in Figure 6.14 and Figure 6.16, we fitted the three PS
lines highlighted in Figure 6.16 with the sine function A - sin(w - = + ¢),
where A, w, and ¢ are free parameters, and x is the longitudinal coor-
dinate along the bridge. The estimated parameters are reported in Table
6.3, along with the estimated periodicity 7' = 27 /w. The estimated
periodicity results between 72.72 m and 73.15 m, almost equal to the
spacing of the spans (72.80 m, see 6.3), and thus the distance between
two consecutive roller supports.

This result is in line with the expected longitudinal response of the
bridge deck to temperature variation: the longitudinal displacements are
zero over the piers and increase along the cantilevers until the joints as we
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Figure 6.16: Linear correlation between PS displacement time series and temperature variation plotted
against the length of the bridge. PSs are divided into three lines.

Table 6.3: Parameters A, w, ¢ estimated by fitting the sine function
A-sin(w-z+¢) to the correlation variation along the PS lines highlighted
in Figure 6.16; x is the longitudinal coordinate along the bridge; T is the
estimated period T = 27 w.

PS Line A [-] w [1/m] o [-] T [m]
PS Line 1 0.385 0.0859 30.2 73.15
PS Line 2 0.435 0.0862 30.2 72.89
PS Line 3 0.476 0.0864 30.2 72.72

move away from the piers; the suspended spans move longitudinally in
the direction of the cantilever which supports it with fixed bearings. The
possibility of noticing it with such clarity from satellite measurements is
quite sensational.

Let us discuss more in-depth why we can observe such periodic cor-
relation. As shown in Figure 6.17a, the correlation is negative in the
northern portion of the pier as the longitudinal displacements have an
opposite sign to the temperature variation. Conversely, the correlation is
positive in the southern portion of the pier as displacements and temper-
ature variations share the same sign. Figure 6.17b illustrates this result
with the correlations obtained for the A22 Po River Bridge. This result
allows us to conclude that, for the A22 Po River Bridge, the horizontal
longitudinal displacements in response to temperature variation can be
clearly observed with satellite InSAR-based SHM. Moreover, and most
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importantly, it is possible to identify different spans of the bridge simply
by studying the sign of the correlation between displacement and tem-
perature variation and its periodicity along the length of the bridge. This
finding is quite important in view of using this type of monitoring to
detect anomalous bridge behaviour on a large scale automatically.

N
N %
& <
2R S
=7 %
X DN 4
N\ - o, e G
o Temperature North 22 N ”ﬁ”\ o%&%_ O%/
LY, variation @ E = %o
2o % %
) 5 D &y
i b //:Q,\ %, o% % %
R | //,/ \;\ %,_1,0 %p
N ! Correlation D <N v X 0 ':?zg/
»»»»»»»»»»»»»»»»»» L o N PN 4@
EER. N L [
Negative correlation 000 R Yo %b/@“e%
> o _1.0--0. 5 ~ . 4, Yk,
with temperature R %
e : ! —0.7--05 = 2
Positive correlation | Sz 2 4
: -7 [ .
_____ with temperature _| -0.5--03 =25 % O%/J>‘>L
N - ©
. ~03--0.1 B IR Ny
do TR\ o N
H ~0.1-01 4 Pinned support -~ Ao /’;ﬁ,\
i 0.1-03 AN N
i 0305 4. Roller support N2
X 30, -
4 ! 0507 Girders elongation S
4 When temperature
* 07-10 increases

(@) (b)

Figure 6.17: (a) Scheme explaining the negative and positive sign of the horizontal longitudinal dis-
placements of the cantilevers obtained from satellite measurements as temperature increases; (b) appli-
cation to the A22 Po River Bridge, highlighting the portions with a positive and a negative correlation
between displacements time series and temperature variation.

Regarding displacements in the riverbed, a certain periodicity in the
colours of the PSs is maintained, suggesting that the observations made
for the floodplain portion can be extended, even though in a purely qual-
itative manner, to the riverbed portion.

6.4.4 Correlation between Displacements and Water Level
Variations

We proceed with the correlation analysis by studying the correlation be-
tween PS displacements and water level variations of the Po River. First,
we decimate the water level dataset to one measurement per day for the
days corresponding to the satellite passage over the case study area.

Figure 6.18a illustrates the map of the identified PS on the bridge,
represented in a colour scale corresponding to the Pearson correlation
coefficient resulting from comparing displacements and water level for
each PS. Figure 6.18b shows a zoom on the riverbed portion of the
bridge.

As in Figure 6.14a, we can observe in Figure 6.18a a clear differ-

172



6.4. Results and Discussion

Correlation

[

A
N
| 100 m I

® (®)

Figure 6.18: Linear correlation between water level variation of the Po River and displacement time
series of PSs identified on (a) the A22 Po River Bridge and (b) the portion of the bridge in the riverbed.

ence in the correlation values between the floodplain and the riverbed
portions. Specifically, we notice that the Pearson coefficient of most PSs
in the floodplain portion of the bridge is almost zero, while it is negative
and between -0.5 and -1 for the PSs over the riverbed portion. This differ-
ence in correlation along the bridge is also clearly visible in Figure 6.19,
where this parameter is reported for the three lines of PSs highlighted in
the figure plotted against the length of the bridge.

_—0 0 9 999999 e e e e

Figure 6.19: Linear correlation between PS displacement time series and water level variation plotted
against the length of the bridge. PSs are divided into three lines.
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The displacement periodicity of the PSs in the floodplain does not
seem correlated with the seasonal water level changes. In contrast, the
displacement periodicity of the PSs in the riverbed does, with downward-
westward displacements occurring when the water level rises—the Po
River flows from West to East. Since the soil is highly heterogeneous,
these displacements may be related to ground deformations associated
with seepage through soils of different permeabilities. However, further
geotechnical investigations should be carried out to evaluate the pore wa-
ter pressure distribution and the physical properties of the soil both below
the river and in the surrounding area.

Note that the displacements of the PSs located over Pier 11 show a
lower correlation with water level variation than those of PSs on other
piers in the riverbed. That is probably due to the peculiar characteris-
tics of Pier 11: greater height above the ground level, scour effects and
relative maintenance works, and higher long-term displacement trend.

Similar results on the negative correlation between the PS displace-
ments of a bridge crossing the Po River and the Po River water level were
obtained and discussed by [32], who monitored through satellite InSAR
three bridges not far away from our case-study area: the San Benedetto
Po Road Bridge, and both the road bridge and railway bridge connect-
ing the villages of Ostiglia and Revere. These authors observed an in-
verse correlation between the displacements of the PSs identified on the
bridges and the water level of the Po River. They analysed SAR images
acquired in C-band by the satellite constellation Sentinel 1 from 2018
to 2020 in ascending and descending geometries. They performed the
MT-InSAR analysis through the open-access software SNAP&StaMPS
to extract PS displacement time series. The authors concluded that the
displacements were mainly vertical and seemed correlated with the sea-
sonal changes in the water level of the Po River, with downward dis-
placements occurring when the river rises. They added that, since those
bridges lie on deep foundation piles (as the Po River Bridge), this corre-
lation is likely not a symptom of scour phenomena.

Similar results have also been obtained in [12], in which the authors
studied the anomalous deformations and the subsequent collapse in 2015
of the Tadcaster Bridge (UK). In that case study, the authors analysed a
dataset of SAR images acquired from March 2014 to December 2015 in
the X-band by the satellite constellation TerraSAR-X in ascending ge-
ometry. They performed the Small BAseline Subset (SBAS) technique
through the software SARscape to extract displacement time series. The
authors highlighted a distinct movement in the bridge portion where the
collapse occurred before the event. Those movements strongly corre-
lated to the changing water level of the Wharfe River. However, unlike
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the bridges crossing the Po River, the Tadcaster Bridge lies on shallow
foundations; indeed, the collapse occurred due to scour by eroding the
soil at the base of the fifth pier of the bridge.

These results highlight the importance of considering environmen-
tal factors and the geotechnical characteristics of the foundation soils
in bridge monitoring. Indeed, understanding the behaviour of the un-
derlying foundation soil under fluctuations in river water levels would
be crucial for accurately interpreting the structure’s displacements above
the ground measured by terrestrial and satellite technologies. However,
this is a challenging task due to the frequent absence of persistent on-site
monitoring of the movements of the foundation soil or the displacements
of the piers in the riverbed. For this reason, studying the movements of
the territory around the bridge by looking at the displacements of the PSs
identified in the entire case-study area can give a first idea of the prob-
lems like subsidence, differential displacements, and landslides affecting
the bridge.

Finally, it is important to point out that the correlation between PS
displacements and temperature expresses a correlation between the re-
sponse of a man-made structure and an environmental load (i.e., the tem-
perature variation), while the correlation between PS displacements and
water level expresses a possible correlation between the soil movement
and an environmental load (i.e., the water level variation).

6.5 Conclusions

This paper presents an application of satellite InSAR technology for
the remote monitoring of a prestressed concrete bridge—the A22 Po River
Bridge in Italy—and the interpretation of results from a structural stand-
point. Specifically, 109 Cosmo-SkyMed X-band SAR images covering
eight years have been analysed through MT-InSAR, and the displace-
ment time series of the PSs identified on the bridge have been (i) com-
pared to the expected response of the bridge to temperature variation
and (ii) correlated to environmental loads. All of that is to verify the
effectiveness of satellite InNSAR in providing reliable information on the
structural behaviour of bridges and the possibility of identifying differ-
ent responses in different bridge components (e.g., access lanes, piers,
spans, fixed and roller bearings) and unexpected behaviour.

The MT-InSAR analysis identified 8426 PSs on the almost 1 km-
long bridge, with deformation velocities along the LoS ranging from
-2.5 to 0.5 mm/year, velocities’ standard deviations between 0.21 and
0.56 mm/year, and temporal coherence higher than 0.7. Unexpected de-
formation velocities have been observed over the southern access lane,
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an issue the infrastructure operator is already addressing, and over the
Pier 11, which underwent significant erosion at its base in the past.

Focusing on the piers, we verified that the periodicity and magni-
tude of the displacements observed through satellite InNSAR are consis-
tent with this bridge’s expected temperature response. Moving on to the
cantilevers, we observed that their horizontal longitudinal displacements
in response to temperature variation can be observed with satellite In-
SAR. Moreover, and most importantly, it is possible to identify different
spans and piers of the bridge simply by studying the sign of the correla-
tion between displacement and temperature variation and its periodicity
along the bridge length. However, this result is strongly related to the
bridge orientation. Further studies on different case studies are recom-
mended to investigate the impact of bridge orientation on the effective-
ness of satellite InNSAR-based SHM performances. Finally, this study
highlights the influence of river water level variations on piers displace-
ments in the riverbed, emphasising the need to consider environmental
factors and geotechnical characteristics of the foundation soils in bridge
monitoring.

In conclusion, this study confirms the potential of satellite InSAR
technology for the remote monitoring of road bridges and the surround-
ing territory without installing any sensor on site, which can foster an
extensive remote SHM of civil infrastructure, potentially solve the high-
cost issue of traditional contact-type sensors, and dramatically improve
SHM-based bridge management. However, the performance of this re-
mote monitoring technique should be further investigated through a di-
rect comparison with measurements from traditional technologies.
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7. Bridge monitoring with satellite InSAR technol-
ogy and clustering algorithm

This chapter contains the post-print of

Caspani, V.F., Tonelli, D., Bado, M.F.,, Rocca, A., Perissin,
D., Zonta, D. (2025). Bridge monitoring with satellite In-
SAR technology and clustering algorithm. Measurement,
118939, https://doi.org/10.1016/j.measurement.2025.118939.

as published in the Journal Measurement, differing only from the pub-
lished article in terms of layout, formatting, and notation.

Abstract

Satellite Interferometric Synthetic Aperture Radar (InSAR) technology
offers a cost-effective, large-scale approach to Structural Health Mon-
itoring (SHM). The Multi-Temporal InNSAR (MT-InSAR) technique al-
lows to detect millimetric displacements over time, providing a pow-
erful tool for assessing the evolution of infrastructure deformation and
deterioration. However, in order to extract meaningful structural infor-
mation from the large amount of data generated by MT-InSAR, time-
consuming analyses and careful interpretation by civil engineers are re-
quired. The present work fills this gap by presenting a clustering al-
gorithm for the automated classification of Persistent Scatterers (PS)
derived from Multi-Temporal InSAR (MT-InSAR) data, applied to the
Structural Health Monitoring of bridges. Crucially, this low-input, speedy
and accessible approach permits a rapid interpretation of MT-InSAR data
and advances the integration of satellite information into Bridge Manage-
ment System (BMS) and Decision Support System (DSS) frameworks.
The proposed method accounts for both temporal and spatial domain of
MT-InSAR data with a one-step analysis, enabling the identification of
predominant PS time-series patterns and their association with physical
entities within the study area. The algorithm was tested on two strategic
bridges in Italy: the Po River Bridge and the Colle Isarco Viaduct, us-
ing COSMO-SkyMed (CSK) satellite data processed with the SarProZ®
software. Results demonstrated: (i) the algorithm’s ability to identify
anomalies and distinct behaviours across various portions of the struc-
tures; (ii) the robustness and adaptability of the algorithm across differ-
ent case studies, proving its potential for large-scale applications; and
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(iii) the algorithm’s effectiveness in identifying structurally relevant de-
formation patterns with minimal user input.

Keywords:
Structural Health Monitoring; satellite InSAR; Clustering algorithm; Per-
sistent Scatterers; Bridge displacement.

Glossary

In this section, the authors provide a brief glossary of the notation in-
volved in the present paper.

SHM Structural Health Monitoring

BMS Bridge Management System

DSS Decision Support System

MRR Maintenance, Repair, and Rehabilitation

GNSS Global Navigation Satellite System

DOFS Distributed Optical Fiber Sensors

MEMS Micro Electro-Mechanical Systems

SAR Synthetic Aperture Radar

InSAR Interferometric SAR

MT-InSAR Multi-Temporal InNSAR

PCA Principal Component Analysis

FE Finite Element

PS Persistent Scatterer

DBSCAN Density-based spatial clustering of applications
with noise

CSK COSMO Sky-Med

LoS Line of Sight

SRTM90 Shuttle Radar Topography Mission Digital Ele-

DEM vation Model

WGS84 World Geodetic System 1984

GCP Ground Control Point

LSA Least Square Analysis

WCE Within-Cluster Error

a 1% metric coefficient

B 2" metric coefficient

K Number of clusters

0 Pearson linear correlation coefficient

RP Reference Point

LoS Line of Sight

0 incidence angle
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I5; heading angle

diros displacements along the LoS

dgg horizontal displacements

dy vertical displacements

dr, longitudinal displacements

dvyLos LoS projection of vertical displacements

dLLoS LoS projection of longitudinal displacements

dTOT.LoS LoS projection of combined displacements
ridge orientation

¢ bridge ori .

y=(¢(—-p0 bridge’s longitudinal axis - LoS horizontal pro-
jection angle

7.1 Introduction

Structural Health Monitoring (SHM) has increasingly demonstrated its
value in accurately and timely assessing the condition of bridges, signifi-
cantly enhancing the ability of infrastructure managers to optimise Main-
tenance, Repair, and Rehabilitation (MRR) strategies and effectively al-
locate resources [ 1, 2]. Utilising different technologies — such as DOFS
[3], MEMS-based accelerometers [4], and GNSS receivers [5, 6] — which
are permanently installed on bridges, SHM systems continuously gather
real-time, precise, and objective data, enriching infrastructure operators’
understanding of how bridges react to traffic, environmental stresses, ag-
ing and other load types or phenomena [7]. Despite their advantages,
the economic and environmental sustainability of on-site permanently
installed devices has been questioned due to issues of scalability, adapt-
ability, and reliability. The cost for extensive instrumentation can range
significantly, limiting SHM application to strategically important bridges
[8]. Furthermore, once installed, these systems offer little flexibility for
reuse on other structures, and their reliability can be compromised during
extreme events when critical data is most needed [9].

In response to these limitations, the recent years have seen a surge
in the exploration of device-free remote sensing techniques, such as In-
terferometric Synthetic Aperture Radar (InSAR) and Multi Temporal
InSAR (MT-InSAR). This innovative technology utilises SAR sensors
aboard satellites to produce high-resolution, weather-independent im-
ages of the Earth’s surface, enabling the detection of millimetric dis-
placements over time without the need for on-site instrumentation [10].
InSAR has emerged as a powerful tool for monitoring subsidence, up-
lifting, and landslides on a large scale. Among recent research contribu-
tions, Yu et al. [11] applied MT-InSAR combined with principal com-
ponent analysis (PCA) to analyse long-term surface deformations in the
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Liaohe oilfield. Ghaderpour et al. [12, 13] used InSAR time-series to
monitor slow-moving landslides in Central Italy and to investigate the
impact of river flow and climate variations on ground deformation in an
industrial area of the Sacco River Valley. In recent years, the research
community has also started to investigate the possibility of using InSAR
technology for monitoring the response of civil infrastructure. Selvaku-
maran et al. [14] combined InSAR with traditional instrumentation, in-
cluding total stations and sensors installed on the bridge, for the moni-
toring of Waterloo Bridge. Guzman-Acevedo et al. [15] proposed a risk
assessment methodology that combines InSAR time-series with a cali-
brated Finite Element (FE) model, demonstrating its application on the
El Carrizo Bridge. Lorenz et al. [16] tested the applicability of InSAR
for monitoring thermal deformations of a highway bridge by comparing
it to geodetic measurements and advanced structural simulations. Quqa
et al. [17] developed a regional-scale methodology to detect anomalies
across multiple bridges using InSAR displacements and environmental
data.

Specifically, the MT-InSAR technique involves analysing a series of
radar images of the same area taken over a time-span and comparing
their phase differences [18]. MT-InSAR provides coordinates and dis-
placement time-series of Persistent Scatterers (PS), which are specific
objects (e.g., rocks, buildings, road guardrails) that consistently reflect
the radar signal over time. When applied to infrastructure monitoring,
MT-InSAR enables the identification of PS on the structure of interest as
well as within the surrounding area captured in the satellite image frame.
Their number can potentially be quite high (thousands of PS) depend-
ing on the size and quality of the SAR dataset imagery. The higher their
number, the denser is the information on the deformation field of the area
of interest. Indeed, structural displacements may be influenced by geo-
logical and environmental context, connections to other structures, and
ground conditions [19]. However, the higher their number, the longer the
time required by the data analyst to discriminate PS located on the struc-
ture to be monitored, analyse and compare their displacement time-series
with those of the surrounding PS.

Despite the growing number of studies focusing on the interpretation
of satellite-based deformation data in relation to structural and civil engi-
neering applications, a clear research gap remains i.e., the development
of automated methods that reduce the user effort to extract and interpret
information from large MT-InSAR datasets. To overcome this limita-
tion in the use of MT-InSAR for SHM, this study develops a clustering
algorithm for the automated classification of PS, thus facilitating their
physical interpretation and the extraction of useful information on the
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structural behaviour.

In particular, such automated approach aims to simplify and speed
up the process of identifying predominant temporal evolution patterns
within the dataset, and associating them with physical structural compo-
nents and entities in the study area. This enables a quick assessment of
whether the identified patterns of displacements on the examined struc-
ture and surroundings align with expected behaviours or reveal any be-
haviour anomalies, thus sparing the need to individually check each PS.
The proposed algorithm is applicable to various case studies and struc-
tures, encompassing different geometries, types, spatial orientations, and
geographical context of the monitored structure. It demands minimal ef-
fort from the users for setting and calibration, and supports nearly im-
mediate comprehension of crucial information extracted from processed
MT-InSAR data. In such a way, the proposed algorithm will be easily
exploitable by structural engineers with basic level notions about both
MT-InSAR processing and data-driven clustering algorithms, enabling
its utilisation by infrastructure operators within their Bridge Manage-
ment Systems (BMS). Indeed, efficiently and rapidly extracting mean-
ingful insights from interferometric analysis outputs is essential for its
use in infrastructure management as an early warning and decision sup-
port system (DSS) [20, 21].

This article is organised as follows. Section 7.2 describes the pro-
posed PS clustering method based on the information provided by MT-
InSAR processed data, i.e. the displacement time-series and geographic
coordinates of PS. Section 7.3 and 7.4 concern, respectively, the Po River
Bridge case study and the Colle Isarco Viaduct case study. The clustering
algorithm is tested on these two case studies presenting different features
in terms of structural scheme, orientation, and geographical context. The
obtained results are reported and discussed. Section 7.5 includes a dis-
cussion on the uncertainties involved, as well as the limitations and fu-
ture developments of this research. Conclusions are eventually drawn in
Section 7.6.

7.2 Methodology: Clustering algorithm for the interpreta-
tion of MT-InSAR data for structural health monitoring
purpose

Data-driven algorithms are often used to perform analysis to discover
patterns, information, trends and correlation in data. They are particu-
larly useful methods when dealing with large number of data, like in the
case of PS extracted from MT-InSAR data processing [22]. For instance,
they can help answer questions like “is there an informative way to visu-
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alize the data?”, “can we discover subgroups among such observations?”.
Clustering is the process of grouping similar objects together and in-
cludes a broad class of methods for discovering unknown subgroups in
data [23, 24]. Similarity between data points is measured with a distance
metric that can vary across different approaches, the most common being
squared Euclidean distance [25].

Several renowned clustering algorithms are widely employed in var-
ious fields [26]. For instance, clustering is employed in customer seg-
mentation within marketing and retail industries [27]. In computer vi-
sion, it is used for image segmentation and processing, finding applica-
tion in medical imaging and satellite image analysis [28]. In data min-
ing, it is used for identifying patterns and segmenting large datasets into
clusters based on shared characteristics [29]. It is employed for spatial
data analysis in geography and urban planning, enabling tasks like crime
mapping or resource allocation optimization [30]. It is applied to atmo-
spheric science data, in particular climate and meteorological data [31].
Time-series clustering has also been widely explored with numerous ap-
plications [32].

Very recently, the research community has started to investigate the
application of machine learning and clustering to InSAR time-series of
displacements. Khalili et al. employed K-Medians to prepare mean de-
formation rate maps for landslide monitoring [33]. Roque et al. used a
hierarchical clustering approach to analyse vertical and horizontal dis-
placement time-series of PS for structure monitoring [34]. Mirmazloumi
et al. proposed a supervised approach to divide time-series of displace-
ments into 5 different deformation trend models [35]. Other authors ap-
plied K-Means approach with Euclidean distance metric for clustering
time-series of PS [36, 37].

However, few authors have explored clustering algorithms that incor-
porate both the spatial and temporal domains of MT-InSAR data, propos-
ing multiple steps analyses in order to account for different data types
[38, 39]. This type of approach can be challenging, especially when ap-
plied to bridge monitoring and BMS, where simplicity, rapid implemen-
tation, and ease of interpretation by civil engineers are essential. Specifi-
cally, each PS carries two distinct types of information: (i) displacement
time-series over the observation period, with acquisition timestamps cor-
responding to the satellite passes over the examined area during that
time; and (ii) the geographic coordinates of the target point identified
by the satellite sensor within the examined area. In our approach to PS
clustering for bridge monitoring, we aim to integrate both the temporal
patterns and spatial proximity of PS, leveraging all the information pro-
vided by each PS. We explain the rationale behind this choice in greater
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detail.

Analysing temporal patterns enables us to identify variations, peri-
odicities, and anomalies in the movements of PS over time. This in-
formation is valuable for understanding phenomena such as subsidence,
settlements, temperature effects or other variations that may affect the
structural behaviour over time. Indeed, our primary objective is to clus-
ter PS based on their temporal movement patterns. At the same time,
considering the spatial proximity of points exhibiting similar behaviour
is also crucial, and should serve as an additional layer of information in-
tegrated into the clustering algorithm. This ensures that PS with similar
behaviour and close spatial proximity are unequivocally grouped within
the same cluster. Indeed, those points are likely to belong to the same
physical entity on the ground, sharing membership in connected geo-
logical or anthropic structures, which are targets of the satellite acquisi-
tion. Conversely, PS with similar behaviours but significant spatial sep-
aration are likely assigned to different clusters, reflecting associations
with distinct structures or elements within the area. The PS identified
by MT-InSAR analysis, which are close in proximity and exhibit suf-
ficiently similar temporal behaviour, likely represent the same physical
entity. Therefore, neglecting this aspect omits a fundamental informa-
tion for engineers seeking to employ satellite data for bridge monitor-
ing, namely, the connection to reality. These PS are not purely ’virtual’;
rather, they are reflective features on the Earth’s surface, specifically on
the structures under investigation.

However, in practical implementation, what type of clustering al-
gorithm can we employ to achieve this goal? Moreover, can our method
maintain computational efficiency, versatility, and user-friendliness, mak-
ing it applicable in a BMS framework?

Fuzzy C-Means (FCM) clustering algorithm has demonstrated promis-
ing results in various data classification tasks [40, 41]. The current lit-
erature on data-driven clustering also offers specialized algorithms tai-
lored to different data types; for example, K-Shape is designed for time-
series data clustering, while DBSCAN is particularly effective for spa-
tially georeferenced data [42, 43]. While these and various other clus-
tering algorithms are available, we opt for the widely-used and versatile
K-Means algorithm for several reasons.

First, the K-means algorithm may be a suitable choice for our pri-
mary objective of clustering PS based on their temporal evolution trends
due to the characteristics of InSAR time-series data. SAR data is sam-
pled at low frequency (for example, the Italian mission CSK satellite
revisit time is 16 days approximately), preventing noticeability of hourly
or daily delays between the behaviours of different PS (e.g. shifts due to
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thermal inertia, commonly observed in structural response), and prevent-
ing the possibility to observe trends and patterns confined to a short time
frame. In this scenario, we are primarily interested in clustering time-
series data to identify patterns related to long-term phenomena (e.g. sea-
sonal temperature variations, ground or structural subsidence), that can
be captured effectively by centroid-based clustering. Moreover, due to
MT-InSAR pre-processing requirements, PS time-series are necessarily
aligned, having the same length and the same acquisition dates. Due to
these features, in our case, the choice of a specific and sophisticated but
more complicated time-series clustering algorithm is not convenient.

Second, K-Means algorithm computational efficiency, flexibility and
adaptability to different data types (both spatial and temporal data), makes
it a good option for clustering PS considering both their coordinates and
displacement time-series data in a one-step analysis, keeping the process
fast and straightforward even as the number of data points and clusters
increases.

K-Means partitions data samples into clusters by minimizing the
metric of distance between the data samples and cluster centroids. The
steps involved in K-Means clustering are the following:

(1) Set a number of desired clusters K.
(2) Set initial values of the K cluster centroids randomly.

(3) Evaluate the distance between each data point and the cluster cen-
troids.

(4) Assign data points to the nearest cluster &.

(5) Calculate the new cluster centroids as the mean of the data points
assigned to each cluster.

(6) Repeat the steps 3—5 with the new cluster centroids as initial val-
ues. Convergence is reached when no point changes its cluster
assignment or until the centroids no longer move.

To address the specific requirements of our study — capturing both
temporal and spatial information of PS — in a one-step analysis, we de-
veloped a customised metric to be used within the K-Means algorithm in-
stead of the Euclidean distance. Our metric is tailored to account for the
shapes of displacement time-series and the spatial relationships among
PS within the examined area. The algorithm assigns each PS carrying
its geographic coordinates and time-series information to a cluster k by
minimising the following metric:
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metric = (1 — A) + a - B? (7.1)
A= p(ts, ts) (7.2)
B = dist(ci, ck)/Lbridge (7.3)

Where:

e A is the Pearson correlation coefficient calculated between the
time-series tg of the i™ PS and the time-series ty of the cluster
centre. For each iteration of the K-Means algorithm, the time-
series tg is calculated as the mean of the time-series of PS be-
longing to cluster k. A ranges between —1 — meaning perfect anti-
correlation — and 1 — meaning perfect correlation —. Positive values
of A indicate similarity between time-series, and the first term of
the metric (1 — A) results in a number close to 0.

* B is the distance in metres between the geographic coordinates c;
of the i PS and the geographic coordinates ¢ of the cluster centre,
normalized with respect to the length of the structure of interest.
For each iteration of the K-means algorithm, the coordinates ¢ are
calculated as the mean of coordinates of PS belonging to cluster
k. When the distance between coordinates is small, B results in a
number close to 0.

* « coefficient is a positive number ranging between 0 and 1. It can
be used as a weight of the importance of the second term of the
metrics (representing the spatial proximity of PS) with respect to
the first one (representing the correlation between time-series of
PS).

* [ coefficient is a positive number. It can be interpreted as fol-
lows: the higher is 3, the more important becomes the bridge
length limit in the second term of the metric. The 3 coefficient
will regulate an increasingly distinct separation in clusters of PS
far apart from each other, and an increasingly likely assignment
of very close points to the same cluster. The discriminating factor
between proximity and distance of PS is the distance equal to the
length of the bridge. Indeed, for values of 3 greater than 1 and
B smaller than 1 — meaning distance between PS and cluster cen-
tre shorter than the bridge length —, the second term of the metric
becomes an even smaller number. Instead, for values of 3 greater
than 1 and B greater than 1 — meaning distance between PS and
cluster centre larger than the bridge length —, the second term of
the metric becomes an even greater number.
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This approach enables us to leverage the strengths of K-Means while
enhancing its capability to discern patterns in both temporal and spatial
dimensions in a simple one-step analysis. The methodology is summa-
rized in the flowchart presented in Figure 7.1, which illustrates the main
inputs, processing steps, and outputs of our proposed approach.

Input data:
PS; (coordinates ¢;;
time series £s,)

!

Select the tentative number of clusters
K and model parameters o,

!

Set initial cluster centroid randomly
PS; (s tsp)

!
)

Evaluate distance of objects PS; to
centroids PS; with novel metric

l

Classification based on minimum
distance (Equation 1)

|

YES

Recalculate cluster centroid PS,

Convergence:
PS, change cluster?

Output:
Cluster centroids,
classification of PS

Figure 7.1: Flowchart of the methodology.

7.3 Po River bridge case study

The first case study we consider is the Po River Bridge. It crosses the Po
river, and is located in a flat area (the Po Valley) between two small built-
up areas (the villages of San Nicold Po and Portiolo). The bridge and the
surroundings are approximately at the same height, at an altitude of just a
few metres above sea level. The case study area presents no obstacles and
is reached by the radar signal. Due to the above-mentioned features of
the case study area, we expect to be able to find a high number of stable
high coherence PS both on the bridge and on the surrounding built-up
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areas by analysing high quality imagery of the case study area.

7.3.1 Bridge structural characteristics

The Po River Bridge is part of the Italian A22 Highway. It was designed
and built following the 1962 Italian standards for calculating loads of
road bridges “Circ. Min. LL.PP. 14/02/1962, n. 384”. It consists of
two identical, parallel viaducts made entirely of reinforced concrete and
prestressed concrete and 14 spans for a total length of 980 m. Figure 7.2
shows the longitudinal section of the bridge.
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Figure 7.2: Elevation of the A22 Po River Bridge. Dimensions in metres.

The structural system consists of 36 m-long internally simply sup-
ported spans that lean on shear keys located at the end of 14.15 m-long
cantilevers, resulting in a total span length of 72.8 m between the piers.
Each cantilever’s deck comprises a double box girder with heights rang-
ing from approximately 3.5 m at the pier to 2.3 m at the edge. The sus-
pended spans have a height of 2 m throughout their length, and a height
of 1 m at the supports. In 2002, retrofit works were carried out, involving
the symmetrical widening of the carriageways from 10 m to 11.3 m and
an increase of 15 cm in the thickness of the upper slab (from 20-22 cm to
35-37 cm). Consequently, the retrofit works significantly increased the
overall deck mass (approximately 6 t/m).

The suspended spans lean on unidirectional and multidirectional bear-
ings in the north direction, and fixed bearings and multidirectional bear-
ings in the south direction. Seismic dissipators connect the suspended
spans to the cantilevers at the shear keys with fixed bearings. Figure
7.3 shows a scheme of the suspended span bearings and a picture of the
seismic dissipators.

The bridge has 13 piers, with 5 piers within the riverbed and 8 on
the floodplain (6 on the north side towards Mantua and 2 on the south
side towards Modena). Each pier consists of 6 circular columns with a
diameter of 1.5 m. At the base of the columns is a reinforced concrete
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Figure 7.3: (a) Scheme of the suspended span bearings; (b) picture of the seismic dissipators.

collar with dimensions 2.0 m x 0.6 m. The foundation piles, also with a
diameter of 1.5 m, extend below the collar and serve as natural extensions
into the ground from the columns above. The piers in the riverbed have
10 m-long columns and approximately 28 m-long piles; the piers in the
floodplain have 7 m-long columns and approximately 26 m-long piles.

Before 2012, the soil at the base of Pier 11 was affected by ero-
sion caused by the increased speed of the stream and the formation of
vortexes, with the consequent formation of a localised depression in the
riverbed. The last bathymetric survey was performed in 2009, and back-
fill soil was placed around Pier 11 to decrease its free length in 2012
(Figure 7.4). As aresult, the length of the above-ground part of the foun-
dation poles is approximately 8 m for Piers 8, 9, and 10; 11.5 m for Pier
11; and 1 m for the other piers. Thus, the effective total length of the
above-ground part of the piers counting both poles and columns is, ap-
proximately, 18 m for Piers 8, 9, and 10; 21.5 m for Pier 11; 11 m for
Pier 7; and 8 m for the other piers.
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Figure 7.4: Longitudinal section of Piers 10 and 11. Dimensions in metres.
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7.3.2 Case study area

Figure 7.5 shows a picture of the A22 Po River Bridge and a top view of
the case-study area.

®)

Figure 7.5: (a) Picture of the A22 Po River Bridge; (b) Top view of the case-study area.

The case-study area is 17.6 km?, close to Mantua in northern Italy.
It includes the villages of San Nicolo Po and Portiolo and is crossed by
the Po River. This area is subjected to a slow progressive subsidence,
as visible in the vertical displacement measurement accessible from the
European Ground Motion Service (https://egms.land.copernicus.eu/), re-
ported in Figure 7.6.

In the case-study area, the subcontinental climate is marked by high
humidity, snowfall, and fog during winter, while summers are charac-
terized by a muggy, humid atmosphere with minimal ventilation. Air
temperatures vary between -5°C and 40 °C throughout the year. Fig-
ure 7.7a shows the air temperature measured between UTC Sp.m. and
5:30p.m. from January 2014 to December 2021 by the meteorological
station located 5.6 km from the A22 Po River Bridge in Gorgo di San
Benedetto Po (MN). As commonly known, the deformations and de-
flections of prestressed concrete bridges strongly respond to temperature
variation [44, 45]. Thus, we expect to observe periodic displacements
related to seasonal temperature variation over the A22 Po River Bridge.

The Po River is characterized by significant flow variations, with
water levels rising up to 10 m during the period of interest, leading to the
floodplain filling during heavy rainfall events. Figure 7.7b illustrates the
Po River’s water levels from 2014 to 2021, recorded between 5:00p.m.
and 5:30p.m. UTC by the hydrometer of the Interregional Agency for
the River Po (AIPO) installed on the Borgoforte Bridge, located just 7.4
km upstream of the A22 Po River Bridge. Other bridges in the same area
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Figure 7.6: Vertical displacement measurements in the case study area from
EGMS (https://egms.land.copernicus.eu/)
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Figure 7.7: Time-series from 05/01/2014 to 05/12/2021 of (a) temperature variation in the case-study
area, and (b) water flow level of the Po River.

have been studied to investigate the possible influence of the Po River on
their structural behaviour [46].
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7.3.3 Dataset and MT-InSAR analysis

Several satellite missions are available providing SAR imagery datasets
at different wavelengths, spatial resolutions, and revisit time. In general,
the use of small wavelength SAR sensors and short revisit times guaran-
tees better displacements sensitivity and temporal coherence [47]. Given
the range of displacements typically observed in civil infrastructure, the
most accurate results in SHM application are usually obtained with X-
band SAR sensors operating with a wavelength of 3.1 cm. X-band sen-
sors are employed in the TerraSAR-X mission, COSMO-SkyMed (CSK)
mission, ICEYE mission, and Capella Space mission. Among the alter-
natives, we opt for satellite images acquired by the X-band Italian satel-
lite mission CSK in the Stripmap HIMAGE mode, with a spatial resolu-
tion of 3 m, covering large regions of 40x40 km within a single satellite
scene. Indeed, this high-resolution imagery is provided free of charge
to the scientific community for research purposes upon submission of a
scientific proposal.

For the Po River Bridge case study, we consider a dataset of 109
images acquired in descending geometry. The images were acquired
from 5 January 2014 to 5 December 2021 at UTC 5:13p.m., covering an
8-year period.

We performed the MT-InSAR data processing with the software
SarProZ®© (https://www.sarproz.com/), version ’'SARPROZ
08-September-2022 16:32:33’. The master image of the dataset corre-
sponds to the date 24 July 2017. We analysed only SAR images acquired
in descending geometry due to the incompleteness of the dataset for as-
cending geometry acquisitions. Specifically, the revisit time of the CSK
satellite in the ascending orbit during the considered time frame was in-
sufficient to ensure accurate and reliable results. Only approximately 50
images acquired in the ascending orbit were available between 2014 and
2021, less than half the number of images acquired in the descending
orbit during the same time frame.

The CSK satellite that acquired the images of our dataset has right-
side looking-angle with an incidence angle § = 33.9449° — i.e., the an-
gle between the Line of Sight of the satellite (LoS) and the normal to
the ground in our area — and a heading angle 3 = 10.6095° — i.e., the
angle between the satellite orbit and the North-South direction —. The
investigated area includes the A22 Po River Bridge and the villages of
San Nicolo Po and Portiolo. Villages and artificial structures in this area
contribute to the successful co-registration of SAR imagery.

For the generation of differential interferograms, we employed the
SRTM90 DEM and georeferenced the radar images to WGS84 coordi-
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nates using a streetlamp close to the A22 Po River Bridge as Reference
Point (RP). The atmospheric phase noise was estimated and removed
from the SAR images. Finally, in the Persistent Scatterer (PS) selection
step, we excluded all PS with a temporal coherence lower than 0.6 to
ensure the accuracy of MT-InSAR results. Temporal coherence, rang-
ing from O (low quality) to 1 (high quality), is a metric that reflects the
quality of the extracted displacement time-series [48].

As a result, we included 8426 PS in our analysis, most of them lo-
cated over roads and villages. Displacement time-series were extracted
for every PS based on the filtered phase data. The extracted displace-
ments are relative in time and space. They are measured along the LoS.
A negative deformation means that the PS moves away from the satellite,
while a positive deformation means that the PS moves towards the satel-
lite. More detailed information about the single steps performed in this
MT-InSAR analysis and the main choices that were taken can be found
in [49].

7.3.4 MT-InSAR results

We illustrate and discuss the results of the MT-InSAR analysis of the
Po River bridge case study. Figure 7.8 reports the temporal coherence
and the deformation velocity of the PS identified over the case-study
area. The velocity of PS has been calculated during the MT-InSAR data
processing by fitting a linear function over the entire time-series of dis-
placement through the least-square analysis. The standard deviations of
the estimated velocity range between 0.21 and 0.56 mm/year, depending
on the considered PS. The velocity ranges from -13.21 mm/year (away
from the satellite) to 3.59 mm/year (toward the satellite).

The PS are mainly concentrated along the highway, within urban
centres, and along local roads. As visible from Figure 7.8a, the PS all
have temporal coherence higher than 0.6, which is the limit set during
the PS selection in the MT-InSAR analysis. Most PS on the bridge have
coherence higher than 0.8, confirming the results’ reliability.

On the other hand, Figure 7.8b shows that the bridge is primarily
covered by green PS, indicating nearly negligible deformation velocity
ranging between -1.0 and +1.0 mm/year. A yellow portion is present over
Piers 11, 12 and 13 at the southern end of the bridge, close to the flood-
plain, meaning deformation velocity between -3.0 and -1.0 mm/year.
The highway road accessing the bridge from the south and the local road
adjacent to the southern embankment of the river both exhibit red and or-
ange PS, meaning deformation velocity ranging between -3.0 and -10.0
mm/year. The highway road accessing the bridge from the north also has
some red and orange PS, among the yellow ones.
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Figure 7.8: Distribution of the PS identified in the case-study area illus-
trated in a colour scale representing (a) their temporal coherence, and (b)
their displacement velocity along the satellite LoS, over the full observation
period.

In order to demonstrate the need and advantages of adopting a novel
metric accounting for both the displacement time-series and spatial coor-
dinates of PS, we first apply the standard K-Means clustering algorithm
with Euclidean distance metric for the classification of the PS time-series
in the Po River bridge case study area. Specifically, the standard steps
for the application of K-Means — previously described in Section 7.2 —
are followed, considering only PS time-series as input data and neglect-
ing the PS coordinate data. As a result, PS are classified solely based on
the sum of squared differences between the PS time-series vectors and
the centroid.

Figure 7.9 reports the results obtained considering three clusters.
Specifically, Figure 7.9a shows the PS map in a colour scale represent-
ing their cluster membership. Figure 7.9b shows the PS time-series
grouped in the different clusters with matching colours to the map, and
their centroids in black. The centroid of Cluster 1 has mean velocity
of -0.77 mm/year; the centroid of Cluster 2 has mean velocity of -1.72
mm/year; the centroid of Cluster 3 has mean velocity of -5.07 mm/year.
The colours of the clusters are set based on the mean velocity of their
centroids, according to the displacement velocity colour scale adopted
in Figure 7.8b (green for lower, yellow for medium, and red for higher
mean velocities of PS).

The map of PS time-series clusters reported in Figure 7.9a appears
very similar to the map of PS displacement velocity reported in Figure
7.8b. Indeed, this result does not provide significant additional insights
beyond what is directly derived from MT-InSAR analysis. The reason is
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Figure 7.9: (a) Distribution of PS in the case-study area illustrated with
colours representing their cluster; (b) Clusters of the PS time-series of dis-
placement, represented with the same colours used in the map 8a.

that K-Means clustering of PS displacement time-series with Euclidean
distance metric leads to classifying PS mainly based on their mean lin-
ear trend over the whole period of observation, simply confirming the
differences in PS velocity across the study area. This analysis performs
a kinematic evaluation of PS, but is not helpful for the physical inter-
pretation of results. For example, a PS located over the Portiolo village
and a PS located over the bridge may be assigned to the same Cluster
because they have similar velocities, however they clearly belong to dif-
ferent physical entities, and their behaviour is not necessarily related to
the same phenomena. From a civil engineer standpoint, it is important
to distinguish PS that show the same type of displacement pattern be-
cause they belong to the same structural element and are influenced by
the same phenomena, and PS that may simply have similar kinematic but
do not have physically meaningful relations.

Additional clusters in the application of standard K-Means for time-
series clustering yield a more fragmented velocity map, producing finer
divisions still mainly based on the mean linear trend of the PS time-
series. This results confirm the need for a novel metric for extracting
meaningful information about different PS time-series patterns and their
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association with physical entities within the study area.

7.3.5 Expected behaviours

To identify expected patterns or anomalies, civil engineers must un-
derstand how to correctly read displacement data measured by the satel-
lite and extracted through MT-InSAR. It is necessary to account for the
position and orientation of the structure of interest in relation to the satel-
lite’s orbit direction. The operator must also have a general idea of what
to expect to observe on the structure of interest in the normal exercise of
such structure, based on simple civil engineering considerations.

Regarding the dataset, the CSK satellite that acquired the SAR im-
ages moved from North to South with a right-looking angle. Consider-
ing that a negative deformation means that the PS moves away from the
satellite, while a positive deformation means that the PS moves towards
the satellite, we can conclude that:

* Negative displacement along the LoS of a PS means that that target
moves mainly vertically downward, mainly horizontally toward
the West, or a combination of the two;

* Positive displacement along the LoS of a PS means that that target
moves mainly vertically upwards or mainly horizontally toward
the East, or a combination of the two.

The angle between the longitudinal axis of the bridge and the
North-South direction (bridge orientation) is ( = —33.5°. The head-
ing angle of the satellite is 5 = 10.6095°, so that the bridge’s longitu-
dinal axis is inclined 44.1° with respect to the satellite orbit direction.
The angle between the bridge’s longitudinal axis and the LoS horizon-
tal projection results v = 45.89°. Due to the orientation of the bridge,
the displacements of the extracted PS on the bridge along the LoS are a
combination of both horizontal and vertical displacements.

The bridge’s static scheme is described in Section 7.3.1. It consists of
suspended spans that lean on symmetric cantilever piers. The suspended
spans are free to move longitudinally in the north direction and fixed in
the south direction. Regarding the expected displacements of the case
study, in normal exercise conditions of the bridge we should expect only
vertical and longitudinal horizontal displacements induced by environ-
mental loads resulting from the seasonal temperature variations. Indeed,
other loads like traffic loads and wind have a frequency and variability
too high to be observed with the minimum 16-day acquisition frequency
determined by the satellite’s revisit time.

Figure 7.10 shows the expected horizontal longitudinal displacements
of the cantilever piers of the bridge measured by the satellite when there
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is a positive temperature variation: both cantilever elongate, but the
northern cantilever elongation results in a negative variation of longi-
tudinal displacement measured by the satellite (displacement variation
inversely proportional to the temperature variation), while the south-
ern cantilever elongation results in a positive variation of longitudinal
displacement measured by the satellite (displacement variation directly
proportional to the temperature variation). The same logic applies to
the suspended span, in this case also depending on the longitudinal sup-
ports and their deterioration level: with positive temperature variation,
the suspended span tends to elongate, meaning negative variation of lon-
gitudinal displacement of the northern joint (free to move longitudinally)
and zero or slightly positive variation of longitudinal displacement of the
southern joint (fixed). Regarding the vertical displacements measured
by the satellite when there is a positive seasonal temperature variation,
we expect elongation of the columns of the piers supporting the super-
structure, meaning positive vertical displacements variation (displace-
ment variation directly proportional to the temperature variation).
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Figure 7.10: Schemes explaining the negative and positive sign of the expected horizontal longitudi-
nal and vertical displacements of the cantilevers obtained from satellite measurements as temperature
increases. (a) Plan view showing displacements of one cantilever pier of the bridge and the angle ~;
(b) longitudinal profile showing displacements of cantilever piers and suspended spans and incidence

angle 6.

Based on the static scheme and geometry of the structural elements
shown in Figure 7.10, we can estimate the projection of the expected dis-
placements — caused by uniform temperature variation across all struc-
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tural elements — onto the satellite LoS.

First, the annual mean temperature variation in San Nicold Po was
determined using data from https:/it.climate-data.org, yielding AT =
22.2°C. Let us assume that the seasonal temperature variation induces
a periodic displacement component in the structural elements. Then, the
expected amplitude of these periodic displacements, projected along the
LoS, can be calculated using Equations 7.4 and 7.5.

dyios = dvy -cos(0) =a-L-AT/2-cos(0) (7.4)
dLios = dy - cos(7y) - sin(@) = a- L-AT/2 - cos(y) - sin(8) (7.5)

Where:

* dy is the amplitude of the periodic vertical displacement of the
structural element and dy s 18 its projection along the LoS;

* d, is the amplitude of the periodic longitudinal displacement of
the structural elements, and dy 1 os is its projection along the LoS;

* § is the incidence angle of the satellite;

* v is the angle between the bridge’s longitudinal axis and the LoS
horizontal projection;

* L is the length of the structural element;

* « is the thermal expansion coefficient of the material, assumed as
10~5 °C~! for all structural elements.

The resulting displacements at key structural points are summarized
in Table 1. For the calculation of the vertical displacement component,
the height of the floodplain piers — approximately 8 m above ground level
— was taken into account. Indeed, predicting the thermal response of
riverbed piers partially submerged in water with varying level would be
particularly challenging. The results are based on the idealized behaviour
of the static scheme shown in Figure 7.10, assuming no relative displace-
ment between the cantilever and the suspended span at the southern joint,
and full thermal elongation of the suspended span accommodated by the
northern sliding joint.

The results presented in Table 7.2 indicate the following expected
displacement patterns visible along the satellite LoS: (i) a displacement
variation directly proportional to seasonal temperature, with amplitude
of 1.53 mm at the cantilever southern free end; (ii) a displacement vari-
ation directly proportional to seasonal temperature, with amplitude of
0.74 mm at the center of the pier; (iii) a displacement variation with low
correlation to seasonal temperature at the cantilever northern free end
and at the suspended span southern joint; (iv) a displacement variation
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Table 7.2: Quantitative evaluation of the expected amplitude of periodic
structural displacements along the LoS caused by seasonal temperature
variation.

dvLes (mm) dpres (mm) drorLes (mm)

cantilever south free end 0.74 0.79 1.53
pier center 0.74 0 0.74
cantilever north free end - 0.74 -0.79 -0.06
suspended span southern joint

(fixed)

suspended span northern joint 0.74 -2.35 -1.61
(sliding)

inversely proportional to seasonal temperature, with amplitude of -1.61
at the suspended span northern joint.

7.3.6 Application and results of the proposed clustering algo-
rithm

We apply the clustering algorithm presented in Section 7.2 to the PS ex-
tracted by means of MT-InSAR in the case study area. Practically, it
consists of a K-Means clustering algorithm with a tailored metric ac-
counting for both the time-series of displacement and the geographical
position of the extracted PS. Out of the 8426 PS resulting from the MT-
InSAR analysis, 3504 PS that fall inside an area of approximately 2x2
km with centre on the bridge are considered for the clustering analysis.

The number of clusters must be chosen and the metrics used in the
algorithm must be calibrated by selecting suitable values for a and .

First, we address the selection of the number of clusters. We do this
by assessing, a priori, how many clusters we might reasonably expect
to identify in the case study area. On the bridge itself, we can hypothe-
size the presence of at least two distinct clusters, based on the expected
displacement patterns discussed in Section 7.3.5 — one exhibiting direct
seasonal proportionality and the other exhibiting inverse seasonal pro-
portionality. Additional clusters are expected to represent the highway
lanes on the embankments, both north and south of the bridge, as well
as the surrounding urban areas (namely, Portiolo village, San Nicolo vil-
lage, and the north-eastern urban complex). Possibly, an additional sepa-
rate cluster may be assumed to include eventual outliers. Based on these
a priori considerations, a preliminary estimate for the number of clusters
is approximately 8.

However, this estimate based on a priori considerations may not cor-
respond to the number of clusters that would result from a posteriori
analysis, i.e., by examining the PS behaviour point-by-point. Indeed, ad-
ditional or unforeseen behaviours might emerge. In such a case, choos-
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ing more clusters than truly necessary would merely result in separate
groups of PS that could have been merged, while choosing too few could
lead to a more problematic outcome: the mixing of PS related to different
physical phenomena into a single cluster, thereby causing confusion in
the interpretation and possibly failing to capture all distinct behavioural
patterns in the case study area. For this reason, we conservatively select
12 clusters for our analysis.

At this point, the metrics used in the clustering algorithm must be
calibrated. In order to choose appropriate values for coefficients a and
B, we should iterate the algorithm until we can easily distinguish in the
clusters representation (both time-series of displacements and distribu-
tion of PS) some expected patterns like those described in the previous
Section or, on the contrary, detect anomaly in the data. We proceed to
show and discuss the results of the clustering algorithm application on
the case study area, including tentative calibration parameters and the fi-
nal selected metric. For each application attempt, Figure a) displays the
distribution of PS in the case-study area, illustrated in a colour scale rep-
resenting their clustering membership; Figure b) displays the PS time-
series of displacement grouped in the different clusters, with matching
colours to the PS distribution map. The cluster centre is coloured in
black.

The initial calibration attempt with coefficient « = 0 , i.e. neglect-
ing the second term of the metric formula, produces PS clusters based
solely on the correlation between the PS time-series of displacement,
with no consideration given to their positions. As a result, the map of
PS coloured according to the identified clusters reported in Figure 7.11a
makes it challenging to associate any set of PS grouped in a cluster with
a specific physical entity within the study area, and to distinguish clus-
ters on the bridge from the surroundings: the clusters appear blended
and spatially dispersed. By looking at the time-series clusters in Figure
7.11b, we can observe a downward trend of varying magnitude present in
many clusters, and a seasonal periodicity trend present in some clusters
— more evident in Clusters 2 (cyan), 5 (orange) and 7 (magenta). Many
PS on the northern and southern sections of the bridge over the flood-
plain belong to Cluster 2 (cyan), showing a downward trend and a direct
proportionality to seasonal temperature changes. In contrast, PS in the
central part over the riverbed belong to Cluster 5 (orange), with almost
no trend but similar temperature-related behaviour. On the other hand,
PS in Cluster 7 (magenta) show a downward trend but inverse tempera-
ture proportionality.
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Figure 7.11: (a) Map of PS in the case-study area illustrated with
12 different colours representing their cluster.
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Figure 7.11: (b) Clusters of the PS time-series of displacement
along the LoS, represented with the same colours used in the map.

Oppositely to the first calibration attempt, the second calibration at-
tempt with the coefficient « = 0.5 and the coefficient 8 = 1 results in a
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quite neat separation of clusters from a geographical point of view, giv-
ing the impression that the clusters are built around the PS centroid based
mainly on its coordinates. The clusters segment the territory into defined
zones: the section of the bridge over the river and southern floodplain
area and the one over the northern floodplain area, the highway lanes
leading to the bridge, and portions of the villages of Portiolo and San
Nicolo Po. The results are shown in Figure 7.12.
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~_\ Calibration n. 2
W a=05,p=1

@

Figure 7.12: (a) Map of PS in the case-study area illustrated with
12 different colours representing their cluster.

Similarly to the first calibration attempt, we can observe a downward
trend of varying magnitude present in most clusters. Moreover, a few
different patterns of displacements are noticeable on the bridge. In the
northern portion of the bridge, the majority of PS belong to Cluster 3
(lilac), with a linear downward trend, but a few PS fall into Cluster 7
(magenta), with an inverse proportionality to the seasonal temperature
variation. In the southern portion of the bridge most PS fall in Clus-
ter 2 (cyan) with direct proportionality to the seasonal temperature and
slight downward trend, while few PS fall in Cluster 5 (orange), with a
significant linear downward trend. With respect to the first calibration
attempt, the difference in downward trend magnitude between different
parts of the bridge is less noticeable. Moreover, in the northern section
of the bridge, the proportionality of PS time-series of displacement to the
temperature variation appears smoothened.
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Figure 7.12: (b) Clusters of the PS time-series of displacement
along the LoS, represented with the same colours used in the map.

Finally, the third and last calibration attempt is with coefficient o« =
0.5 and coefficient 3 = 2. The results are reported in Figure 7.13.
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Figure 7.13: (a) Map of PS in the case-study area illustrated with
12 different colours representing their cluster.
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To aid in the reading and understanding of the results, a fitting of the
cluster centroids’ time-series is performed. Cluster centroids are fitted
using Least Squares Analysis (LSA) with the model function reported in
Equation 7.6.

y=q+m-x—a-cos(2m-x+ ¢) (7.6)

The dependent variable y is the centroid’s time-series, while the in-
dependent variable x is the acquisition dates vector expressed in years.
The model function has a linear component and a periodic component.
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Figure 7.13: (b) Clusters of the PS time-series of displacement along the LoS, represented with the
same colours used in the map.

The periodic component is represented by a negative cosine function,
starting with its minimum value. This periodic function fits the air tem-
perature measurements within the time-frame of our dataset, beginning
on 5 January, close to when annual temperatures reach their lowest point.

The model function comprises 4 parameters. Parameter ¢ is an off-
set; parameter m represents the linear velocity; parameter a is the am-
plitude of the periodic function; parameter ¢ is the phase of the periodic
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function. In cases where the periodic component is not present in the
cluster centroids’ time-series, the model function is simplified to a linear
function by neglecting the periodic term.

By looking at Table 7.3, we can note a general downward trend in
almost all clusters, and a seasonal periodicity trend in some clusters.

Table 7.3: Clusters centroids’ fitting parameters and their standard deviation ob-

tained with LSA.
Cluster centroid Number of PS for velocity m amplitude a phase ¢ [years]
each cluster [%] [mm/year] [mm]

CLUSTER 1 475 (13.6%) —3.69 + 0.02 - -
CLUSTER 2 94 (2.7%) —0.19+0.04 2.23+£0.14 —0.08+0.18
CLUSTER 3 237 (6.8%) —0.96 £+ 0.02 1.34 £ 0.06 —0.06 +£0.08
CLUSTER 4 152 (4.3%) —0.79 +0.02 —1.17 £ 0.06 —0.09 £+ 0.08
CLUSTER 5 486 (13.9%) —1.30 £ 0.02 - -
CLUSTER 6 654 (18.7%) —1.75+0.02 - -
CLUSTER 7 404 (11.5%) —1.52 +£0.01 - -
CLUSTER 8 145 (4.1%) —1.16 &+ 0.06 - -
CLUSTER 9 295 (8.4%) —1.06 £+ 0.02 - -
CLUSTER 10 446 (12.7%) —1.17 4+ 0.06 - -
CLUSTER 11 92 (2.6%) —0.66 £+ 0.03 1.96 +0.10 —0.12£0.13
CLUSTER 12 24 (0.7%) 1.13 +£0.02 - -

As already mentioned in this Section, the global downward trend
in descending orbit displacement data over the area can be interpreted
as a vertical component of displacement affecting the whole study area.
Indeed, the Po Valley is gradually subsiding over the years, as visible
from Figure 7.6. An exception is represented by Cluster 12 (yellow),
counting only 24 PS time-series, some are in a very localised part of the
study area near a parking lot and storage/deposit, while a few are sparse
in the San Nicolo Po village; they can be considered outliers. Other
clusters all show subsidence trends with varying magnitude in mm/year.

On the southern side of the river, Cluster 1 (blue) shows the highest
magnitude of downward trend of displacement, with a cluster centroid’s
linear displacement trend value of -3.69 mm/year; this cluster contains
PS located on the southern access lane to the bridge and the local road
adjacent to the southern embankment of the river. The high velocity sug-
gests abnormal displacements of the access lane. The infrastructure op-
erator has recently detected such abnormal displacements and is already
addressing this issue. The Clusters 5 and 6 (orange and lime green),
with PS located over the urban area of Portiolo, also have quite marked
downward trends of linear displacements.

On the northern side of the river, Cluster 7 (magenta) on the northern
access lane to the bridge and Clusters 8, 9 and 10 (red, dark green and
pink) over San Nicolo Po urban area also show downward trends of lin-
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ear displacements, but their magnitude is lower than in the southern area.
Those clusters all have limited periodicity; that aligns with the expecta-
tion for the behaviour of the PS over the access lanes to the bridge and
the local roads, since they have been constructed over embankment soil,
which is not expected to exhibit significant displacements in response to
temperature variations. Moreover, the PS located over the rural areas of
Portiolo and San Nicoldo Po mainly represent simple concrete residen-
tial constructions with red tile roofs, not particularly sensitive to thermal
seasonal variations in terms of deformations.

Cluster 11 (light green) contains some PS located mainly on metallic
constructions, such as a high-voltage power line tower and warehouses
in an industrial area of San Nicolo Po. PS belonging to this cluster have
a similar trend to the seasonal temperature variations; this is expected
since both steel lattice towers and warehouses’ metal roofs are sensitive
to temperature and usually have a significant component of deformation
due to thermal variation.

The Clusters 2, 3 and 4 (cyan, lilac and brown), containing PS lo-
cated on the bridge, all show a marked seasonal periodicity. While Clus-
ter 2 and 3 (cyan and lilac) both show direct proportionality to seasonal
temperature variations, Cluster 4 (brown) shows inverse proportionality
to seasonal temperature variations. On the other hand, Cluster 3 and 4
have a similar magnitude of linear downward trend component with ve-
locity of -0.96 and -0.79 mm/year respectively, while Cluster 2 has lower
velocity (-0.19 mm/year). This phenomenon can be better understood by
zooming in on the bridge and investigating the correspondence between
the PS of those 3 clusters and the different parts of the structure (Figure
7.14).

In the northern section of the bridge, on the north side of the river,
there is a clear noticeable pattern.

Cluster 3 (lilac) collects PS located at intervals corresponding to the
southern end of the cantilever piers, the piers center, and the southern
end of the suspended span. These PS show a variation of displacement
with direct seasonal periodicity, with mean amplitude represented by the
centroid’s fitting parameter a = 1.34 mm (Table 7.3).

Cluster 4 (brown) collects PS located at intervals corresponding to
the northern end of the suspended span and the northern end of the can-
tilever piers. These PS show a variation of displacement with inverse
seasonal periodicity, with mean amplitude represented by the centroid’s
fitting parameter a = —1.17 mm (Table 7.3)).

A few PS belong to Cluster 7 (magenta), indicating that the down-
ward trend starts to prevail as we are approaching the northern access
lane of the bridge on the soil embankment.
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Figure 7.14: Focus on the PS clusters on the bridge: (a) Distribution of PS
over the bridge and schematic representation of the junctions and piers posi-
tions; (b) Clusters of the PS time-series of displacement, represented with the
same colours used in the map.

This result is in line with the expected longitudinal and vertical de-
formation response of the bridge, previously explained in Figure 7.10
and in Table 7.2. The longitudinal displacements are zero over the piers
and increase along the cantilevers until the joints as we move away from
the piers; the suspended span can elongate longitudinally, mainly in the
direction of the cantilever which supports it with sliding bearings; while
the vertical deformation is due to the piers seasonal elongation and con-
traction. The theoretical amplitudes of the periodic displacements cal-
culated in Table 7.2 are: 1.53 mm at the cantilever southern end; 0.74
mm at the piers; close to zero at the southern end of the suspended span
and at the northern end of the cantilever; and -1.61 mm at the suspended
span northern joint. The differing seasonal correlation observed from
the satellite between the PS located at the cantilever’s northern end and
those at the suspended span’s southern end — belonging to Clusters 4 and
3, respectively —, suggests the presence of small relative movements at
the joint.

In the southern section of the bridge, the clustering algorithm detects
a different behaviour. On part of the riverbed portion of the bridge, in-
cluding piers 8-9-10, most PS belong to Cluster 2 (cyan). The pattern of
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Cluster 4 (brown) indicating the horizontal longitudinal displacements
of the northern joints of the suspended span and the northern cantilever
of the piers is less delineated, with only very few PS belonging to it. On
the remaining part of the bridge, including pier 11 in the riverbed and
piers 12—13 on the floodplain, most PS belong to Cluster 3 (lilac). Few
PS also belong to Cluster 4 (brown) at the northern cantilever of pier 13
and the northern joint of its suspended span, and few belong to Cluster
1 (blue), indicating that the downward trend starts to prevail as we are
approaching the access lane of the bridge on the soil embankment. We
remind the Reader that both Clusters 2 and 3 are directly proportional to
the seasonal temperature variations, however they have different veloc-
ity, Cluster 2 being more stable.

The reduced detectability of the pattern of Cluster 4 (brown) in the
southern section of the bridge, where most PS belong to Clusters 2 (cyan)
and 3 (lilac) with direct proportionality to seasonal temperature variation,
can indicate the prevalence of vertical deformation response to tempera-
ture effects in this part of the structure. Indeed, the columns of piers 8§, 9,
10 and 11 have length above the ground spacing between 18 and 21.50
m, — more than double the above-ground lengths of other pier columns
— meaning that their vertical elongation and contraction due to seasonal
temperature variations can be significantly more pronounced than those
of other piers. However, predicting the thermal response of piers par-
tially submerged by water is not trivial. The difference in velocities be-
tween clusters 2 and 3 may indicate that PS of piers 8, 9 and 10 on deep
foundation poles over the riverbed are more stable than PS of piers 11,
12 and 13 close to the floodplain ground, which is notably subjected to
subsidence.

Another hypothesis for the change of PS displacements pattern on
the riverbed portion of the bridge is that the hydraulic forces of the river
might interfere with the behaviour of the bridge, generating an horizontal
transverse component of displacement in the bridge, and making it more
difficult to discern the expected patterns of the structural behaviour in
normal exercise conditions [49].

7.4 Colle Isarco viaduct case study

The second case study focuses on the Colle Isarco Viaduct, located in a
mountainous and sparsely populated area. This setting poses challenges
for image co-registration and Reference Point (RP) determination. The
viaduct is surrounded by rural areas and forests, which poorly reflect
SAR signals, hindering the identification of PS in the MT-InSAR analy-
sis. In ascending geometry, part of the bridge is obscured by a mountain,
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preventing the radar signal from reaching it. Additionally, the viaduct
and the highway are elevated about 100 m above the valley. This height
disparity, combined with the low reflectivity of rural surroundings, fur-
ther complicates image processing.

7.4.1 Bridge structural characteristics

The Colle Isarco Viaduct is part of the Italian A22 Highway. It was
erected in 1968 and opened to traffic in 1971. It consists of two struc-
turally independent parallel viaducts made of reinforced concrete and
prestressed concrete with 13 spans, for a total length of 1028.2 m. The
piers have variable heights, reaching 70 m. Figure 7.15 shows longitudi-
nal section of the viaduct.
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Figure 7.15: Elevation of the A22 Colle Isarco Viaduct. Dimensions in metres.

The static scheme of the viaduct consists of suspended spans that
lean on simple cantilever piers, and a central Niagara section. The Ni-
agara section of the bridge, between pier 7 and 10, is 345 m long and
comprises two symmetric prestressed concrete box girders, which sup-
port a suspended beam 45 m long. Each box girder ends with a 59 m long
cantilever, counterbalanced by a back arm with a length of 91 m. Each
box girder is composed of 33 box-girder cast-in-place segments with a
height varying from 10.93 m at the pier to 2.57 m at the edge. The thick-
ness of the top slab is constant at 0.29 m, while the bottom slab varies
from 0.99 m to 0.12 m.

The Colle Isarco Viaduct has experienced a progressive abnormal
deflection since its construction, mainly evident at the edge of the 59-m
long cantilever, even after many decades. The cause of such behaviour is
the combination of different factors: the creep and shrinkage phenomena,
the tension loss in precompression cables, the difference in the concrete
thickness of the top and bottom slabs, and the load history during the con-
struction and the maintenance works. Just after 2 years from its opening
to traffic, level measurements showed a deflection trend with an appar-
ent velocity of over § mm/year, which resulted in a 200 mm deflection in
1984, as opposed to a design prediction of fewer than 20 mm [50]. These
observations prompted the owner to undertake, between 1988 and 1989,
a radical retrofit of the Niagara section to prevent further deflection of
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the bridge, consisting in a reduction of the load by replacing the original
pavement with a thinner layer of lightweight asphalt. The effect was an
evident immediate 70 mm deflection recovery and the disappearance of
the deflection drift. However, the deflection drift resumed the following
years at an apparent rate of over 2 mm/year. In 2014, the owner of the
viaduct performed another critical retrofit intervention, which involved
installing an external post-tensioning system within the four main box
girders between piers 7 and 10. This intervention led to a recovery of
80 mm deflection and a change from the negative to a positive deflection
drift. It is important to highlight that these high displacement gradients
can lead to phase ambiguity errors in the MT-InSAR analysis, affecting
the results.

Since 2014, two topographic total stations Leica Nova TM50 colli-
mate 72 optical prisms GPR112: 60 anchored along the main spans as
measurement points, 12 located in the surrounding area as benchmarks
(Figure 7.16). In addition, 82 PT100 platinum resistance thermometers
measure the temperature field measurement in the concrete of the main
spans to compensate for the displacement data provided by the topo-
graphic network [51].

HiH -

Figure 7.16: Distribution of the optical prisms along the main span of the
Colle Isarco Viaduct. Blue prisms are monitored by the total station north, red
prisms by the total station south. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)

7.4.2 Case study area

Figure 7.17 shows a picture of the A22 Colle Isarco Viaduct and a top
view of the case-study area.

The case-study area is close to the Brenner Pass at the border be-
tween Italy and Austria. This area is stable as it is not subjected to any
significant subsidence phenomena, as visible in the vertical displace-
ment measurement accessible from the European Ground Motion Ser-
vice (https://egms.land.copernicus.eu/), reported in Figure 7.18.

The viaduct lies in a valley at an altitude of approximately 900 m
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(b)

Figure 7.17: (a) Picture of the A22 Colle Isarco Viaduct; (b) Top view of the case-study area, with the
viaduct marked with a red rectangle.

Figure 7.18: Vertical displacement measurements in the case study area from
EGMS (https://egms.land.copernicus.eu/).

above sea level, and it is surrounded by mountainous terrain, with steep
slopes and rugged topography, and mountain peaks that reach over 2000
m. It is a sparsely populated area, with constructions located at a very
different height level with respect to the viaduct and the highway. The
region of the case study area with the highest density of man-made struc-
tures corresponds to the village of Colle Isarco, which lies on the valley
floor, more than 100 m below the viaduct deck. The vegetation covering
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the surroundings does not reflect the SAR signal and does not allow the
identification of PS. Moreover, the area is prone to seasonal changes, in-
cluding snow coverage and vegetation growth. These factors can affect
InSAR measurement’s accuracy and reliability, generating difficulties in
image co-registration and Ground Control Point determination, leading
to signal decorrelation and shadowing effects, distorting the interfero-
metric phase and reducing the coherence of the extracted PS. To sum up,
the location of the bridge makes the analysis of SAR images particularly
challenging.

In the case-study area, the alpine climate is characterised by sig-
nificant seasonal temperature variations, with cold winters and moder-
ately warm summers. Air temperatures vary between —15°C' and 30°C
throughout the year; the concrete temperature has a lower variability
range due to thermal inertia, between —10°C' and 25°C), especially in
the parts of the structure not directly exposed to irradiation of the sun.
Figure 7.19a and 7.19b show, respectively, the measurements acquired
by a temperature sensor and an optical prism of the Colle Isarco viaduct
monitoring system between UTC Sp.m. and 5:30p.m. from 5 July 2016
to 25 June 2020. The temperature sensor measures the concrete temper-
ature on the lower slab of the eastern box girder over pier 8; the optical
prism measures the vertical deflections of the same point. As visible
from Figure 7.19, the deformations and deflections of prestressed con-
crete bridges with a structural scheme similar to the Colle Isarco viaduct
strongly respond to temperature variation. Thus, we expect to measure
a periodical displacement of the Colle Isarco viaduct from satellite SAR
images, which is correlated to seasonal temperature variation. An in-
depth study regarding the impact of temperature variations on the defor-
mation of concrete in the main structural elements of the Colle Isarco
viaduct was conducted by Caspani et al. in [44].

7.4.3 Dataset and MT-InSAR analysis

Based on the considerations outlined in Section 7.3.3, X-band Stripmap
HIMAGE mode CSK imagery was likewise employed in the Colle Isarco
Viaduct case study.

For the Colle Isarco Viaduct case study, we consider a dataset of
62 images acquired in descending geometry. The images were acquired
from 5 July 2016 to 25 June 2020 at UTC 5:13p.m., covering a 4 year
period. The period of analysis was chosen to limit issues of phase ambi-
guity in MT-InSAR results due to the elastic response experienced by the
bridge during the retrofit intervention, performed between 2014-2015.
We performed the MT-InSAR data processing with the software SarProZ©
(https://www.sarproz.com/), version ’SARPROZ 08-September-2022 16:32:33’.
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Figure 7.19: Time-series from 05/07/2016 to 15/06/2020 of (a) temperature variation recorded by
a PTI100 temperature sensor located on the lower slab of the eastern box girder (north lane deck)
over pier 8, and (b) vertical displacements of a prism in the same position.

The master image of the dataset corresponds to the date 9 June 2018. Due
to the complex topography surrounding Colle Isarco Viaduct, only the
images acquired by the descending orbit of the satellite were exploited
for this analysis; indeed, in the ascending geometry the bridge is partially
covered by the mountains. This is a typical issue affecting bridges and
other infrastructures (e.g., dams, bridges, tunnels) in the Alpine Region,
and also structures in urbanised areas with high buildings.

The CSK satellite that acquired the images of our dataset has right-
side looking-angle with an incidence angle 6 = 33.9449° (i.e., the angle
between the LoS and the normal to the ground in our area) and a heading
angle 8 = 10.6095° (i.e., the angle between the satellite orbit and the
North South direction). The investigated area includes the Colle Isarco
Viaduct, and the continuation of the highway infrastructure north of the
viaduct. The Colle Isarco village on the valley floor, rural area in the
surroundings and mountain slopes are not considered. The reason for
this choice is that the surroundings of the Colle Isarco Viaduct are a limit
for the success of the MT-InSAR analysis. This is further explained in
the following paragraphs about the MT-InSAR analysis steps.

For the differential interferograms generation, we employed the DEM
SRTMO90 and georeferenced the radar images in coordinates WGS84 us-
ing a point located on the highway guard-rail, above the northern abut-
ment of the viaduct, as Reference Point (RP).

The atmospheric-phase noise was estimated and removed from the
SAR images. Due to the sparseness and the elevation difference of the
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PS candidate targets in the area surrounding the Colle Isarco Viaduct
with respect to those on the viaduct itself and on the highway, PS in the
surroundings over the valley or mountain slopes must be discarded. In-
deed, otherwise, the connections between the candidate PS in the spatial
graph appear distant and sparse and the estimation of the parameters af-
fecting the interferometric phase along the connections (i.e., deformation
velocity, thermal expansion, and height of the targets) is inaccurate.

Only PS candidate targets on the highway and the viaduct are se-
lected in order to obtain an accurate atmospheric-phase removal.

In the Persistent Scatterer selection step, we don’t apply any filter
based on the PS temporal coherence. The reason is that we want to
include most possible PS in this analysis, since many were excluded in
the atmospheric-phase removal step. As a result, we included 639 PS in
our analysis. Deformation time-series are extracted for every PS based
on the filtered phase data.

7.4.4 MT-InSAR results

We illustrate and discuss the results of the Colle Isarco viaduct case study
analysis. Figure 7.20 shows the outputs of the MT-InSAR data process-
ing of our dataset: the temporal coherence of PS and the deformation
velocity of PS. The PS are concentrated on the infrastructure, isolated
from the surrounding area.

(@)

Figure 7.20: Distribution of the PS identified in the case-study area illustrated
in a colour scale representing (a) their temporal coherence, and (b) their dis-
placement velocity along the satellite LoS.

The first thing that immediately stands out by looking at Fig. 7.20a is
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the fact that not all the PS are characterised by the same quality. The PS’
colours show that the temporal coherence is small (lower than 0.6) over
the central span of the viaduct, between piers 8 and 9, while it is higher
than 0.8 for all the other PS. That is a symptom of the high displacements
experienced by the viaduct’s main span throughout the years.

Fig. 7.20b shows most PS coloured in green, indicating nearly negli-
gible deformation velocity ranging between -1.0 and +1.0 mm/year. The
only exception is represented by the yellow PS located over the central
span of the viaduct, indicating deformation velocity between -3.0 and
-1.0 mm/year. This result confirms again the higher deflections expe-
rienced by this portion of the viaduct during the time-span of the MT-
InSAR analysis. Moreover, it confirms the absence of any long-term
subsidence phenomena in the mountainous area where the infrastructure
lies, as previously observed from Fig. 7.18.

7.4.5 Expected behaviours

The CSK satellite that acquired the SAR images moved from North to
South with a right-looking angle. As a consequence, the sign conven-
tions of PS displacements measured along the LoS are consistent with
those previously described in Section 7.3.5, for the Po River Case Study.

The bridge’s orientation is nearly parallel to the descending satel-
lite orbit — indeed, the longitudinal axis of the bridge is approximately
north—south oriented, like the satellite orbit direction. Specifically, the
bridge orientation is ¢ = 9°, while the heading angle of the satellite is
B = 10.6095°, so that the viaduct’s longitudinal axis orientation is in-
clined only 1.6° with respect to the satellite orbit direction. Due to this
orientation, it is impossible to extract horizontal longitudinal displace-
ments of the viaduct from the satellite data.

The static scheme of the viaduct consists of suspended spans that
lean on simple cantilever piers, and a central Niagara section. Regarding
the expected displacements of the case study, in normal exercise condi-
tions of the bridge we should expect only vertical and longitudinal hori-
zontal displacements induced by environmental loads resulting from the
seasonal temperature variations, as previously observed for the Po River
Bridge case study.

By combining the considerations regarding the orientation of the
bridge relative to the satellite orbit with those concerning its static scheme
and expected structural response, we can conclude that the displacements
of PS over the bridge measured by the satellite along the LoS are mainly
vertical. Specifically, when there is a positive seasonal temperature vari-
ation, we expect elongation of the piers supporting the superstructure
of the viaduct, meaning positive vertical displacements variation mea-
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sured by the satellite (displacement variation directly proportional to the
temperature variation). Given the dimensions of the piers, we expect sig-
nificant vertical displacements induced by environmental loads resulting
from seasonal temperature variations. The topographic measurements
of the Colle Isarco Viaduct confirm this hypothesis, as visible in Figure
7.19, which shows that the vertical displacements measured by the to-
tal station in correspondence of the top of pier 8 reaches maximum total
variations of approximately 15 mm.

The expected displacements, possibly observable by satellite mea-
surements, are schematically illustrated in Figure 7.21.

4 Directly
proportional
to AT

Seasonal Temperature
variation +AT

1[ Piers elongation when temperature increases

Figure 7.21: Schemes explaining the expected vertical displacements of the
piers as seasonal temperature increases.

Based on the static scheme and geometry of the structural elements
shown in Figure 7.21, we can estimate the projection of the expected
vertical displacements — caused by uniform temperature variation across
all piers — onto the satellite LoS. The same procedure reported in Section
7.3.5 is followed, considering only the expected vertical displacements
of the piers of the Colle Isarco viaduct.

The annual mean temperature variation in Colle Isarco was deter-
mined using data from https://it.climate-data.org, yielding AT = 20.4°C.
Assuming that the seasonal temperature variation induces a periodic ver-
tical displacement in the piers, the expected amplitude of such displace-
ment projected along the LoS can be calculated using Equation 7.4 (Sec-
tion 7.3.5). The results varying for different above-ground heights of the
piers of the Colle Isarco viaduct are reported in Table 7.4. The mean
value is 3.19 mm.

7.4.6 Application and results of the proposed clustering algo-
rithm

Finally, we apply the data driven clustering algorithm presented in Sec-
tion 7.2 to the PS extracted by means of MT-InSAR in the case study
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Table 7.4: Quantitative evaluation of the expected amplitude of periodic
structural displacements along the LoS caused by seasonal temperature
variation.

dv,Los (mm) = drotLes (mm)

Pier 2 (29.08 m) 2.46
Pier 3 (37.68 m) 3.19
Pier 4 (42.44 m) 3.59
Pier 5 (36.17 m) 3.06
Pier 6 (31.39 m) 2.70
Pier 7 (30.44 m) 2.58
Pier 8 (59.19 m) 5.01
Pier 9 (44.19 m) 3.74
Pier 10 (53.15 m) 4.50
Pier 11 (53.34 m) 4.51
Pier 12 (28.18 m) 2.38
Pier 13 (7 m) 0.59
Mean value 3.19

area.

The number of clusters is set to 4 for this analysis, considering the
smaller size of the Colle Isarco dataset compared to the Po River bridge
case, and the expectation that only one type of structural displacement of
the viaduct (direct proportionality to seasonal temperature) is detectable
from the satellite data.

The calibration for coefficients « and (3 yields the same values as
those used in the first case study, namely, o = 0.5 and 5 = 2.

We show and discuss the results of the clustering algorithm applica-
tion on the case study area. Figure 7.22a displays the PS’ distribution in
the case-study area, illustrated in a colour scale representing their clus-
tering of belonging; Figure 7.22b displays the PS time-series of displace-
ment grouped in the different clusters, with matching colours to the PS
distribution map. The cluster centre is coloured in black.

To aid in the reading and understanding of the results, a fitting of the
cluster centroids’ time-series is performed. Cluster centroids are fitted
using Least Squares Analysis (LSA) with the model function reported in
Equation 7.7.

y=q+m-x+a-cos(2m-x+ @) (7.7

The model function is similar to the one employed in Section 7.3.6,
with the only difference that the periodic component is represented by a
positive cosine function, starting with its maximum value. This periodic
function fits the air temperature measurements within the time-frame of
our dataset, beginning on 5 July, close to when annual temperatures reach
their highest point. Similarly as in Section 7.3.6, in cases where the
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Figure 7.22: (a) Map of PS in the case-study area illustrated with 4
different colours representing their cluster.

periodic component is not present in the cluster centroids’ time-series,
the model function is simplified to a linear function by neglecting the
periodic term.

The mean displacement velocities (in mm/year) are quite low across
the identified clusters, confirming that the area is not affected by any
significant subsidence trend, as also illustrated in Figure 7.18. Two clus-
ters (Cluster 1 and Cluster 3) display a clear seasonal periodicity, which
is directly proportional to seasonal temperature variations. In contrast,
Cluster 2 exhibits distinct characteristics, differing from the others both
in mean velocity and periodicity. The reasons for this are discussed be-
low in this Section.

Cluster 1 (red) includes all the PS located on the bridge, except for
those on the central span between pier 8 and pier 9, which are part of
Cluster 2 (cyan). The two clusters exhibit distinctly different behaviours.

Cluster 1 (red) shows a marked seasonal periodicity, with displace-
ments directly proportional to the seasonal temperature variations, with
mean amplitude represented by the centroid’s fitting parameter a = 3.23mm
(Table 7.5). This behaviour aligns with the expected vertical deforma-
tions of the viaduct, which are primarily due to the seasonal elongation
and contraction of the piers. Indeed, the theoretical amplitude of the
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Figure 7.22: (b) Clusters of the PS time-series of displacement along the LoS, represented
with the same colours used in the map.

periodic displacements calculated in Table 7.4 is 3.19 mm, obtained as a
mean value considering all different pier heights above ground level. It is
important to remember that in this case study, the horizontal longitudinal
displacements caused by seasonal temperature variations cannot be de-
tected using the SAR data. As a result, all PS on the bridge are grouped
into the same cluster, reflecting consistent behaviour with the expected
vertical displacements. This demonstrates the effective performance of
the clustering algorithm across different case studies, with varying ori-
entations and geometries.

Cluster 2 (cyan) shows an abnormal behaviour, clearly different from
Cluster 1, apparently not following any clear recognizable expected pat-
tern. Indeed, the PS belonging to Cluster 2 match with those with tem-
poral coherence values lower than 0.6, located at the edge of the 59-m
long cantilevers of the Niagara section and over the central span (Fig.
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Table 7.5: Clusters centroids’ fitting parameters and their standard deviation ob-
tained with LSA.*The fitting parameters found for Cluster 2 do not have inter-
pretable physical meaning due to low temporal coherence of PS in Cluster 2.

Cluster centroid Number of PS for velocity m amplitude a phase ¢ [years]
each cluster [%] [mm/year] [mm]

CLUSTER 1 351 (54.9%) —0.53 +£0.13 3.23+0.21 —0.10 £ 0.29

CLUSTER 2 67 (10.5%) —-1.16 £ 0.17*  —1.51 £0.28* 0.17 £ 0.38*

CLUSTER 3 133 (20.8%) 0.46 £0.08 1.18 £0.13 —0.10 £0.17

CLUSTER 4 88 (13.8%) —0.21 +£0.05 - -

7.20a). Notably, this span is subjected to higher displacement gradients
than the rest of the viaduct, as explained in Section 7.4.1. These high
displacement gradients cause phase ambiguity in the MT-InSAR phase
unwrapping process, a condition in which the measured interferometric
phase becomes uncertain because the actual displacement causes phase
shifts beyond half of the radar wavelength. As a consequence, the dis-
placements time-series of PS belonging to Cluster 2 cannot be considered
reliable results of the MT-InSAR analysis, and do not reflect the actual
displacements of those points. The fitting parameters reported in Table
4 for Cluster 2 do not have interpretable physical meaning, and phase
ambiguity should be resolved before attempting interpretation of these
PS [52]. This serves as an example of how the algorithm effectively
identifies anomalies or differing behaviours in MT-InSAR results across
specific sections of the structure.

Above the northern end of the viaduct, two clusters are identified:
Cluster 3 (blue) and Cluster 4 (pink). Cluster 3 exhibits a seasonal pe-
riodicity, with displacements directly proportional to seasonal tempera-
ture variations. Specifically, Cluster 3 detects another highway viaduct
located just north of the Colle Isarco viaduct: parts 4-5 and 6 of the Pon-
ticolo viaducts. These are six consecutive prestressed concrete viaducts
with similar structural elements and static schemes, consisting of beams
simply supported by piers. The height of the piers along Ponticolo viaducts
4-5 and 6 ranges from 15 to 30 m.

The Ponticolo viaducts have a similar orientation to the Colle Isarco
viaduct. As a consequence, the horizontal longitudinal displacements
of the beams cannot be extracted, and the behaviour of Cluster 3 aligns
with the expected vertical deformations caused by the seasonal elonga-
tion and contraction of the piers. The displacements range of Cluster 2 is
smaller compared to that of Cluster 4, reflecting the shorter height of the
Ponticolo viaduct piers relative to those of the Colle Isarco viaduct. This
is another interesting result of this case study: with the clustering algo-
rithm, it is possible to identify different viaducts within the same image
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without having to define the coordinates of these structures beforehand.

Finally, Cluster 4 (pink) has nearly zero trend and no seasonal peri-
odicity. It includes PS located along the highway on the mountain slope,
connecting the Colle Isarco viaduct and the Ponticolo viaducts. The al-
gorithm has allowed us to automatically distinguish between PS belong-
ing to viaducts and those belonging to road sections. This avoids the
need to manually identify which PS are part of a bridge, or to define the
start and end coordinates of the bridge.

7.5 Discussion

In this Section, critical aspects of the study are discussed. First, we fo-
cus on the uncertainties involved in MT-InSAR pre-processing and in
the clustering approach. Then, we report an alternative application of
the clustering approach to the Po River Bridge case study, in order to
analyse the influence of the number of clusters and the choice of metric
coefficients. Finally, we outline the limitations of the current research
and suggest directions for future development, also considering insights
from related studies.

7.5.1 MT-InSAR uncertainties

The input data for the application of our method are PS derived from MT-
InSAR analysis. Despite careful processing of SAR datasets for both
case studies (7.3.3, 7.4.3), the accuracy of MT-InSAR results is inher-
ently affected by several sources of uncertainty related to both the SAR
data and the MT-InSAR processing chain.

In particular, the accuracy of displacement rates is influenced by
SAR system parameters such as radar wavelength, spatial resolution,
the number and temporal distribution of SAR acquisitions, and the over-
all observation time span. The density of measurable PS targets on the
ground is mainly influenced by the spatial resolution. Specifically, short-
wavelength, high-resolution datasets — such as CSK X-band data with
3 x 3 m resolution — enable more accurate detection of infrastructure
displacements, allowing capturing variations in the order of a few mil-
limetres between satellite acquisitions [47, 48].

Primary sources of error that arise in the MT-InSAR processing chain,
which may lead to noisy or biased results, include:

* phase ambiguity, when the phase unwrapping process does not oc-
cur correctly due to displacements larger than half the wavelength
of the radar signal between successive satellite passes;

» atmospheric phase delay, where uncorrected atmospheric signals
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introduce phase shifts unrelated to ground motion;

* topographic phase removal, where inaccuracies in the DEM can
introduce biases in both displacement estimates and geolocation;

* temporal decorrelation, caused by changes in surface properties
between acquisitions, which can degrade coherence and reduce the
number of reliable PS;

¢ baseline estimation, where incorrect estimation of the baseline be-
tween image pairs can affect phase computation and PS selection.

Several authors have assessed the accuracy of X-band MT-InSAR
measurements by comparing them with data obtained from topographic
monitoring systems, GNSS observations, or through the use of corner
reflectors. These studies report that the accuracy of X-band MT-InSAR
displacement measurements is typically in the order of 1-2 mm [10, 52,
53].

7.5.2 Clustering error and number of clusters selection

An assessment of the robustness of the proposed clustering method reli-
ability can be performed using the elbow method, a commonly adopted
technique in unsupervised learning.

This technique involves computing the total Within-Cluster Error
(WCE) for different values of the number of clusters K. In standard K-
Means clustering, the WCE for a cluster k is typically computed as the
sum of squared Euclidean distances between each data point assigned
to cluster £ and its corresponding centroid. In our case, the WCE is
calculated using the novel similarity metric applied in the case studies
(Equation 7.1, with « = 0.5 and 8 = 2) [54].

Each value of WCE is listed in a graph were the Y-axis label is the
value of WCE and X-axis label is the value of K. When the curve ex-
hibits a distinct “elbow” —that is, a point beyond which the error reduc-
tion becomes marginal— this point is considered indicative of the optimal
number of clusters. However, identifying this point is often subjective
and not always clearly defined, as the curve may show a gradual decrease
without a sharp bend, making the “elbow” less evident.

Figure 7.23 displays the elbow plots obtained for (a) the Po River
Bridge case study and (b) the Colle Isarco Viaduct case study, based on
the proposed novel metric.

We observe that the WCE decreases as the number of clusters in-
creases, confirming the robustness of the proposed metric. However, no
distinct “elbow” is evident in the curves, particularly for the Po River
Bridge case study.
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Figure 7.23: Elbow plot for (a) Po River Bridge case study and (b) Colle Isarco
Viaduct case study.

It is important to emphasize that the elbow method and other internal
validation indices do not account for the interpretative value of clusters
or the specific requirements of a given application. These methods are
not specifically designed for the novel metric proposed in this study, nor
for its SHM-focused context. However, they can serve as a preliminary
evaluation tool for assessing the quality of clustering results in relation
to the number of clusters.

For the Colle Isarco Viaduct case study, 4 clusters were selected, tak-
ing into account both the elbow plot results and the expected behaviours,
as discussed in Section 7.4.6.

In the case of the Po River Bridge case study, 12 clusters were cho-
sen, despite a smaller number of clusters could have been selected based
solely on the elbow plot.

This choice is justified by the large spatial extent of the dataset, and
the numerous different behaviours expected in the case study area based
on a priori evaluation, as discussed in Section 7.3.6. A large number of
clusters is necessary to capture the full range of behaviours of different
physical entities in this case study, enabling effective interpretation of
results, and allowing association of similar patterns with their underlying
causes.

7.5.3 Impact of the metric coefficients and the number of
clusters

To further evaluate the impact of the number of clusters on the pro-
posed clustering algorithm, as well as the influence of the metric coeffi-
cients and their relationship with the number of clusters, we present an
alternative application of the clustering approach to the Po River Bridge
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case study.

In this analysis, the number of clusters was set to 8 (as opposed to 12
used in Section 7.3.6 for the same case study), and the metric coefficients
were calibrated to & = 0.4 and 5 = 4 (instead of = 0.5 and 5 = 2 in
Section 7.3.6).

The metric required recalibration to ensure that the clustering could
still distinguish all different behavioural patterns of the bridge, despite
the reduced number of clusters applied to the same area and number
of PS. In this calibration, the coefficient 5 plays a particularly important
role. High values of 3 exponentially increase the metric’s term B (related
to the spatial proximity of PS, as defined in Equation 7.1 for PS located
far apart (B > 1), reducing the chances of geographically distant PS
being grouped into the same cluster. Conversely, when PS are spatially
close (B < 1), high values of 8 exponentially reduce the values of term
B, giving greater weight to term A (related to the time-series correlation
of PS) in Equation 7.1.

This mechanism enables finer fragmentation of clusters within a fixed
distance (specifically, Lysiagge = 1000 m m), rather than across the entire
area, thus enhancing the ability to identify different temporal behaviours
within this spatial range.

Figure 7.24 shows the resulting distribution map and displacements
time-series clusters. The results are consistent with those shown in Fig-
ure 7.13 of Section 7.3.6. Different behaviours identified on the bridge
include: Cluster 2 (characterized by direct seasonal periodicity), Clus-
ter 3 (direct seasonal periodicity with a downward trend), and Cluster 4
(inverse seasonal periodicity with a downward trend). However, the sep-
aration between clusters representing PS on the bridge and those in the
surrounding environment is less distinct.

For example, among PS located on the northern section of the bridge,
those exhibiting lower seasonal periodicity are assigned to Cluster 5 — as-
sociated with the highway lanes over the northern embankment — making
it more difficult to clearly interpret the behavioural pattern of the bridge
in this area.

Additionally, several PS over the San Nicolo village — in particular,
those with strong correlation to temperature variations — are assigned
to Cluster 3, which also includes PS of the bridge. As a result, displace-
ment time-series of PS of the village are blended with those of the bridge
exhibiting similar periodicity.

Moreover, the urban complex at north-east and the nearby local road
are not assigned to a separate, dedicated cluster, due to the reduced num-
ber of total clusters. Consequently, the PS in this region are absorbed into
the nearest available clusters, namely Cluster 5 (highway) and Cluster 4
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Figure 7.24: (a) Map of PS in the case-study area illustrated with 8
different colours representing their cluster.
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Figure 7.24: (b) Clusters of the PS time-series of displacement
along the LoS, represented with the same colours used in the map.

(bridge).
In conclusion, while the results obtained using a reduced number
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of clusters and a recalibrated metric are still satisfactory, employing a
higher number of clusters allows for a clearer spatial distinction between
different physical entities and facilitates interpretation of the temporal
patterns of the bridge and its surroundings.

7.5.4 Limitations and future developments

Despite the novelty and potential of the proposed approach, some limi-
tations must be highlighted:

* The proposed procedure for automated classification of PS still

requires calibration and some user inputs. Specifically, the user
must define for each case study: (i) the number of clusters; (ii) the
values of coefficients v and S.

The unsupervised nature of the proposed approach makes it inher-
ently challenging to rigorously assess the accuracy of the assigned
cluster labels. Ideally, accuracy should be assessed by compar-
ing the clustering results against a reliable ground truth, when
available. Alternatively, a time-demanding point-by-point anal-
ysis could be performed, assigning labels to each PS based on en-
gineering judgment and comparing them with those produced by
the clustering algorithm.

The algorithm is currently applied to descending orbit datasets,
limiting the ability to distinguishing between vertical and horizon-
tal (longitudinal and transverse) displacements of the investigated
structures.

To enhance the findings of this study and expand its applicability,

future developments should aim to address the following aspects:
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* Designing a tailored method to determine the optimal number of

clusters, taking into account the geographical extent, PS density,
and the expected structural behaviours in the study area. Addi-
tional case studies will help refine this aspect and improve scala-
bility.

Developing a systematic procedure for selecting the coefficients «
and S, in relation to the chosen number of clusters and the specific
features of each case study.

Incorporating both ascending and descending datasets in the anal-
ysis, to allow the separation of vertical and horizontal displace-
ment components.

Testing the proposed approach on different datasets, to improve ac-
cessibility and replicability. For instance, the open-access Sentinel-
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1 mission datasets may offer broader applicability despite lower
resolution.

» Linking the observed displacements to structural performance by
using FE models to determine displacement thresholds correspond-
ing to service or failure stress states, enabling risk evaluation in
terms of limit states. This idea is aligned with the approach pro-
posed by Guzman-Acevedo et al. [15].

* Identifying trend turning points and their directions in PS dis-
placement time-series, as a means to characterize changes driven
by climate events and human activity. This approach, applied by
Ghaderpour et al. [13], could be particularly relevant for the Po
River Bridge case study, where ground movements are influenced
by river flow variations. Turning points could also serve as an al-
ternative similarity metric for clustering PS time-series.

7.6 Conclusions

The proposed clustering algorithm has the following features:

e the algorithm enables the rapid and automatic identification of
clusters of PS with distinct behaviours such as periodic trends,
subsidence, uplift, and stationary zones. It allows the visualiza-
tion and interpretation of results by means of both time-series and
spatial distribution of PS for each cluster representing a predomi-
nant behaviour.

* The algorithm takes into account not only the PS time-series of
displacements, but also their geographic coordinates. Indeed, the
primary objective is to sort PS into clusters based on their temporal
movement patterns — identifying periodicities, trends, anomalies,
and variations over time. Simultaneously, the spatial proximity
of PS exhibiting similar behaviour is considered. This approach
allows identifying the behaviours exhibited by PS of the dataset
and their association with physical objects in the examined area.

* The algorithm is applicable to various case studies and structures,
encompassing different geometries and materials, structural schemes,
spatial orientations, geographical position and surrounding envi-
ronment of the monitored structure.

The data-driven clustering algorithm was tested by applying it to two
different case studies: the Po River Bridge case study and the Colle Is-
arco Viaduct case study. The obtained results were analysed and dis-
cussed. It was found that:
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The algorithm allowed distinguishing different structures and sep-
arating them from their surroundings. It was possible to observe
expected patterns over the bridge and to differentiate the local
structural response from global phenomena affecting the whole
area. Different types of response across different portions of the
same structure were detected, as well as PS showing unreliable
behaviour due to low temporal coherence values.

The algorithm demands minimal calibration efforts and does not
require to specify bridges coordinates or technical InNSAR data pa-
rameters, enabling its utilisation by civil engineers with little ex-
pertise in data science techniques and MT-InSAR data processing.
However, the user must still specify the number of clusters and
calibrate the values for the coefficients « and /3 accordingly.

The algorithm fosters rapid and accessible interpretation of MT-
InSAR data. It can be integrated into BMS frameworks to quickly
assess bridge displacements and their surroundings, enabling in-
frastructure operators to decide whether to delve deeper into the
analysis of any apparent anomaly, or not to investigate further in
case that the observed data aligns with the expected structural be-
haviours, thus speeding up their work.

The consistency of results obtained in both case studies proves
one of the main strengths of the clustering algorithm, which is
its adaptability to different case studies conditions and different
choices made in the MT-InSAR satellite data processing.
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8. Designing a Structural Health Monitoring Sys-
tem Accounting for Temperature Compensation

This chapter contains the post-print of

Caspani, V. F., Tonelli, D., Poli, F., Zonta, D. (2021). De-
signing a structural health monitoring system accounting for
temperature compensation. Infrastructures, 7(1), 5, https:
//doi.org/10.3390/infrastructures7010005.

as published in the Journal Infrastructures, differing only from the pub-
lished article in terms of layout, formatting, and notation.

Abstract

Structural health monitoring is effective if it allows us to identify the
state of a structure with an appropriate level of confidence. The estima-
tion of the uncertainty of the state parameter is relatively straightforward
a posteriori, i.e., when monitoring data are available. However, moni-
toring observations are not available when designing a monitoring sys-
tem; therefore, the expected uncertainty must be estimated beforehand.
This paper proposes a framework to evaluate the effectiveness of a mon-
itoring system accounting for temperature compensation. This method
is applied to the design process of a structural health monitoring sys-
tem for civil infrastructure. In particular, the focus is on the key state
parameters representing the structural long-term response trend, e.g.,
due to creep and shrinkage effects, and the tension losses in prestressed
concrete bridges. The result is a simple-to-use equation that estimates
the expected uncertainty of a long-term response trend of temperature-
compensated response measurements in the design phase. The equation
shows that the state parameter uncertainty is affected by the measure-
ment and model uncertainties, the start date and duration of the moni-
toring activity, and the sampling frequency. We validated our approach
on a real-life case study: the Colle Isarco viaduct. We verified whether
the pre-posterior estimation of expected uncertainty, performed with the
experimented approach, is consistent with the real uncertainty estimated
a posteriori based on the monitoring data.

Keywords:
structural health monitoring; temperature compensation; monitoring sys-

tem design; monitoring capacity; pre-posterior analysis; long-term struc-
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tural response; parameter estimation; uncertainty quantification; Bayesian
data analysis; prestressed concrete bridge.
Glossary

In this section, the authors provide a brief glossary of the notation in-
volved in the present paper.

DI Damage Indicator

N total number of samples

Yy response vector

T temperature vector

t timestamp vector

z residuals vector

1o reference temperature value

to reference time value

i) offset

m trend of response variation

o} thermal expansion coefficient

0 parameters vector

D Jacobian matrix

L, prior mean of parameter m

Loy prior mean of parameter o

Lo a priori parameters mean value

Om prior uncertainty of parameter m

Oa prior uncertainty of parameter «

3 a priori parameters covariance matrix

oy residuals variance (likelihood variance)

PtT Pearson correlation between time and tempera-
ture vectors

Tm.pp pre-posterior uncertainty of parameter m

fs acquisition frequency

Omodel model uncertainty

oy response measurements uncertainty

or temperature measurements uncertainty

ni(o?) zero-mean normal noise with variance o

Tmly posterior uncertainty of parameter m, given the
measured response y

By posterior mean value of parameter m, given the
measured response y

Texp expected (preposterior) effectiveness of the mon-

itoring system
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Nreal real (posterior) effectiveness of the monitoring
system
€m.pp error in the pre-posterior estimation of the uncer-

tainty of parameter m

8.1 Introduction

When monitoring a civil structure, the purpose is to identify a number
of key state parameters—including modal frequencies, long-term strain
trends and damage indicators (DIs) [1, 2]-which are representative of
its health state. The monitoring is successful if these parameters can
be identified with an appropriate level of confidence, keeping their un-
certainty below an acceptable target value [3]. Acceptable uncertainty
normally depends on the nature of the physical problem that is being
investigated and could be required by the user of the monitoring infor-
mation within the management framework of the infrastructure [4, 5]. In
any case, controlling parameter uncertainty is as important as the identi-
fication of the parameter values themselves.

Estimating the uncertainty of key state parameters is relatively straight-
forward a posteriori, i.e., when monitoring data are available. Data anal-
ysis methods for the estimation of the posterior uncertainty of param-
eters range from plain least squares [6] to more sophisticated Markov-
chain Monte Carlo sampling [7, 8] and to other probabilistic machine
learning techniques [9]. However, monitoring observations are not yet
available when designing a monitoring system; therefore, in order to un-
derstand whether a monitoring strategy (the choice of sensors, sensor
placement and acquisition protocols) is suitable, it is necessary to es-
timate an expected uncertainty of the key state parameters beforehand.
This expected uncertainty is indeed an a priori estimation (i.e., before
acquiring any data) of posterior uncertainty: it is sometimes referred to,
in short, as pre-posterior uncertainty, and the estimation process of this
value is known as pre-posterior analysis [3].

The optimal sensor placement is a typical instance of bridge mon-
itoring problems solved through pre-posterior analysis: the problem is
the choice of the optimal configuration of a fixed number of sensors to
maximize the acquired information. Papadimitriou et al. [10] proposed
a method based on the minimization of information entropy, defined as
the parameter that quantifies the uncertainty of a random variable; Ud-
wadia [11] proposed a method based on the maximization of the Fisher
information matrix norm; Fedorov and Hackl proposed the individua-
tion of the optimal sensor configuration in the one that minimizes the
coefficients of the variance and covariance matrix [12]. In all of these
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problems, the choice of the configuration and technical specifications of
sensors is based on the minimization of a value representing the expected
uncertainty of the key state parameters.

This paper focuses on a different typology of bridge monitoring prob-
lems, where the key state parameters to be identified are long-term re-
sponse trends, e.g., strain (ue/year), deflection (mm/year) or rotation
(urad/year) trends. Long-term response drifts are very useful to pre-
dict the future behaviour of a structure, and to understand ahead of time
whether the bridge may transit towards a damaged state (e.g., cracking)
or exceed the value for the serviceability limit (e.g., excessive deflec-
tion). Sudden changes in the response trends are also typical symptoms
of the occurrence of damage (e.g., the failure of one or more prestressing
tendons) [13].

Long-term deflection trends are particularly evident in prestressed
concrete bridges [14, 15, 16]. Hubler et al. [17] analysed the vertical
deflection of 63 bridges with different structural types, ages, and dete-
rioration states. They pointed out that all of the bridges experienced a
long-term deflection trend and exceeded the design predictions. They
also developed a predictive model of creep and shrinkage, named Model
B3 [18], for a more realistic assessment of long-term concrete phenom-
ena, which significantly affect the durability and life-long functionality
of bridges. This model better predicts the experimental evidence than
older ones commonly used in bridge design, such as ACI 209 [19], CEB
[20], and EN1992 [21]. In particular, it clearly explains the excessive
deformation and deflection of prestressed reinforced concrete bridges
with box girder sections (e. g., Colle Isarco Viaduct [22] and Koror-
Babeldaob Bridge [23]). Another frequent parameter is the trend in the
loss of prestressing force [24].

Usually, the long-term response trends of bridges have a small en-
tity, and their typical values are lower than 30 ue/year for strains, 0.50
mm/year for deflections, and 10 prad/year for rotations [17, 25].
Hence, these trends are difficult to recognize in a data record that is
strongly affected by traffic loads and temperature variation. The use of
indirect measurement produces additional uncertainty and noise. For ex-
ample, the loss of prestress in the tendons is commonly estimated indi-
rectly using strain sensors embedded in the concrete [25, 26], as direct
measurement methods (e.g., using load cells) are often unfeasible.

Among the different sources of uncertainty, temperature is usually
the most important by far [27]. Indeed, besides the complex phenom-
ena that can occur at elevated temperatures [28, 29], daily and seasonal
temperature variations also have a relevant effect on structural responses.
For example, the value of the permanent contraction drift in a concrete
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member due to creep or shrinkage typically ranges around a few pe per
year, while the sole daily thermal variation is in the order of 100-200
pe per day [30]. Extracting that drift requires us to perform a thermal
compensation on a signal dominated by the thermal effect, and this will
inevitably introduce some errors that must be controlled. When data are
available, thermal compensation can be performed by fitting monitoring
data with a model that considers the effects of temperature [31]. By fit-
ting the monitoring data with a probabilistic method [6], the posterior
uncertainty introduced by the thermal compensation can be quantified as
well, in order to evaluate whether its magnitude is acceptable or not.

However, at the design stage, no monitoring system is installed and
no recording is available. As such, how is it possible to predict the error
introduced by the thermal compensation? How can we design a proper
monitoring system to keep the uncertainty below the limit values?

This paper aims to answer these questions by introducing a logical
approach for a pre-posterior estimation of the expected uncertainty of a
long-term structural response trend. The proposed formulation consid-
ers the errors related to temperature compensation, sensor performance,
and the interpretation model. It allows the estimation of the expected
uncertainty before monitoring data are available, thus helping monitor-
ing system designers to answer the following design questions: (i) What
sensor technology and measurement accuracy are required? (ii) What
should be the duration of the monitoring, in order to verify the target un-
certainty? (iii) What is the minimum sampling frequency to satisfy the
target uncertainty, given a certain monitoring duration?

This paper is organized as follows. Section 8.2 outlines the under-
lying assumptions of the approach, and the development of the formula-
tion for the evaluation of the uncertainty of the trend parameters. Section
8.3 contains the analysis of the variation of the expected uncertainty of
the trend parameters according to the sensor performance, model un-
certainty, sampling frequency, monitoring duration and start date of the
monitoring acquisition. Section 8.4 introduces the Colle Isarco Viaduct
case study [32] and describes the monitoring system that is currently in-
stalled on it. The Colle Isarco Viaduct is one of the longest statically de-
terminate, prestressed concrete highway bridges in the European Alpine
region. An abnormal progressive deflection of the main span has been
observed on it, due to a combination of creep effects and the loss in pre-
stressing force; recently, a drastic retrofit intervention was performed on
the structure [22]. In Section 8.5, the approach for the estimation of the
pre-posterior uncertainty of the long-term local-strain trend is applied
on the concrete box girders of the Colle Isarco Viaduct. Furthermore,
a pre-posterior calculation is performed by the analysis of different ap-
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proaches: (1) in the first, the temperature is modelled as a sine function;
(2) in the second, the temperature is modelled as a sine function with the
addition of Gaussian noise. The uncertainty of the trend parameter is cal-
culated a posteriori based on the monitoring data, then the pre-posterior
and posterior results are compared in order to validate the approach used.
Finally, in Section 6, some conclusions are drawn.

8.2 Problem Statement and Formulation

Assume that we are monitoring the response y (e.g., displacement, de-
flection, rotation, stress, strain, modal frequency) of a structural element,
and that this response is strongly affected by temperature 7. Assume
that the monitoring consists of a total number of NV samples, and indi-
cate with y; and 7; the response and temperature sample simultaneously
recorded at time ¢;, withindex ¢ = 1,..., N. Let us indicate with NV x 1
vectors y, T, and ¢, respectively. Assume that the measurements are in-
dependent, and that a daily thermal compensation has been performed,
while the measurements are not compensated for the seasonal thermal
variations.

It is often convenient to express time and temperature in relative
terms: label At = t; — tg and AT = T; — T, where ¢y and T are
an arbitrary reference time and temperature. For instance, ¢y could be
the starting time of the monitoring, and 70 could be equal to 0 °C'.

Let m be the permanent trend of variation over the time of the re-
sponse y(t) (e.g., the deflection trend of a cantilever bridge, the local
contraction or expansion trend of concrete), purged from the seasonal
temperature effect. The goal is to identify the most probable value of
m and its uncertainty o, given the monitoring observations. For this
purpose, we define a probabilistic interpretation model, stating the rela-
tionship between measurements y;, temperature 7; and time ;.

(1) Assume a linear interpretation model, in the form:
Yi = yo +m- Aty + - AT, + z; (8.1

where

* 7 is an offset parameter representing the ideal strain at time
to and temperature 1.

* « is the apparent thermal expansion coefficient. Because the
thermal expansion coefficients of common building materials
do not show significant variations within the range of temper-
atures where they are designed to be used [21], «v is assumed
to be a constant value regardless of the temperature changes.
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* m is the variation trend over time, which is the object of the
estimation. It is the gradient of the linear model with respect
to time. It expresses the linear trend over time of y(¢) purged
from temperature effects, and includes all long-term effects.
We model the long-term effects with a linear trend because
we consider the measurements acquired during a relatively
short time interval (one—two years of monitoring) [7].

* z; is the residual, the difference between the statistically in-
dependent observation y; and the nominal value of the model,
yo +m - At; + a - AT,

¢ In practice, the interpretation model that connects the tem-
perature, time, and response measurements is controlled by
three unknown parameters, clustered into the vector 8 =
{yﬂa m, a}'

* Letus label D the Jacobian matrix of the interpretation model
with respect to the parameters:

5 5 5 1 Ay ATy
— | %Y 9 =[1 At AT]
Jyo Om O« : : :

1 Aty ATy

(8.2)
As a result, Equation 8.1 can be written in a matrix form:

y=D 0+z (8.3)

(2) A priori model parameters are Gaussian independent random vari-
ables with a mean value pg and covariance ¥g equal to

0
0 (8.4)
T
(3) Residuals vector z is distributed as zero-mean Gaussian noise with
known variance afH.

The goal is to estimate the most probable value of parameter m and
its uncertainty o,,,, based on monitoring observation y; to do so, the
prior distribution of the model parameter p(@) is updated into the poste-
rior distribution p(@|y) through Bayes’ rule [33]:

p(yl6) - p(6)

8.5
p(y) (8:3)

p(Oly) =
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where p(y|@) is the likelihood function, i.e., the probability of ob-
serving measurement y given the interpretation model and the parame-
ters vector 8; p(y) is a normalization constant referred to as evidence.

According to Hp. (2) and Hp. (3) (linear Gaussian model), the joint
probability distribution p(y|@) - p(@) over parameters vector 6 is Gaus-
sian [33]. The aim is to estimate the mean values of the model param-
eters that maximize the posterior probability distribution p(@|y), Omap,
and their covariance matrix g,

Onmap = arg mngp(Hly) = arg mgX{p(y\G) p(@)}  (8.6)

In practice, it is more convenient to maximize the log of a Gaus-
sian posterior distribution p(@|y) than the Gaussian distribution itself.
Indeed, the logarithm is a monotonically increasing function of its ar-
gument, and the maximization of the log of a function is equivalent to
the maximization of the function itself [33]. As a result, Equation 8.6
becomes:

Onvap = arg mgx{logp(y[@) +logp(0)}
8.7)

= arg min { 5 i-EHZTZ + %(9 — o) g (6 — uo)}

The value of 8 that maximizes p(@|y) can be calculated by setting as
equal to zero the derivative of the log-posterior with respect to 8, while
the inverse of the a posteriori covariance matrix can be calculated as the
second-order derivative of the log-posterior with respect to 8. As aresult,
by combining Equations 8.2 and 8.7, we arrive at

1
Ovar = po + UTZmyDT (y — D - pp)

. Jin (8.8)
Sopy = 2 DTD+3
Y OLH

We can explicitly compute matrix 2;1 in Equation 8.8 with the ma-
trices D and g defined in Equations 8.2 and 8.4:

— 1 -

oz 00
. 1M1 1TAT  1TAt Tyo 1

sol—= — [1TAT |AT? AT"At|+| 0 = 0
Oly o o2

LH (1TAT ATTAt |At)? *

0 0 —

L o,

(8.9)
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where |Av| = AvTAw indicates the Eulerian norm of the generic
vector v. It is convenient to express the relative time and temperature
At and AT with respect to the mean values £ = 1TAt/N and T =
1TAT /N of the vectors time ¢ and temperature 7T*:

At=t—1
_ (8.10)
AT =T -T
As a result, Equation 8.9 becomes
-1 _ pTy—1
29|y =D Ewa + X
- 1 -
oz 00
N 0 0 Tyo
1 ) T 1 (8.11)
9LH |0 ATTAt |At? %a
0 0 —
L O

The posterior uncertainty o, of the trend-parameter m is the third
diagonal element of the posterior covariance matrix 3g), . After a simple
mathematical manipulation of Equation 8.11, the posterior uncertainty
can be expressed as:

1 1
Um\y(Ta t) = OLH" 5 :
oLy 2
—5 T A INE |AT|?
Tim 1- Pir
2 2
Tis piage ) | DB 4 AT
Jm UQ

(8.12)

where py7 is the Pearson correlation coefficient [34] between the

time and temperature, i.e., the ratio between the covariance of the two
variables and the product of their standard deviations:

__Aacar L G-DEG-T)
VIAt2Z|AT]? \/Zi\;l(tz _ E)Q\/Ziil(Tz _ Ty

The Pearson correlation coefficient ranges between -1 and +1, with
+1 meaning perfect direct correlation, -1 being perfect inverse correla-
tion, and O being independency between the two data records. In this
specific case, pgr is close to 1 if the temperature history can be approx-
imated to a straight line, and it is close to O if the temperature and time
are far from a linear relationship.

Equation 8.12 provides an explicit expression of the posterior uncer-
tainty of a linear trend m, which depends on the prior uncertainty o2, of

ptT (8.13)
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m, monitoring noise, the extension of time sampling |At|, and the cor-
relation between temperature and time py, although the dependence on
these quantities is not exactly intuitive.

When the prior parameters are highly uncertain (o,,, — oo and o, —
00), or the prior information is negligible, Equation 8.12 is particularly
simple and easy to read:

1 1

A4 1— pir

Omly(T5t) = oLn - (8.14)

This equation clearly shows that the posterior uncertainty of param-
eter m is the combination of three different factors:

¢ The monitoring noise oy g, accounting for the measurement of the
noise and the uncertainty of the hypothesized linear model.

* The term 1/|At|, which effectively depends on the monitoring du-
ration and the sampling rate.

e The term 1/4/1 — p2;., which depends on the extent to which the
temperature history is close to a straight line.

8.3 Application to Monitoring System Design

Equations (12) and (14) allow the calculation of the uncertainty o,,,, of
a linear fit a posteriori, i.e., after monitoring data are acquired. In the de-
sign stage of the monitoring system, the goal is to predict the uncertainty
of m that is expected in the monitoring, even if no data are currently
available. Let oy, pp, be the a priori estimate (i.e., before data is acquired)
of the posterior uncertainty of parameter m. This quantity is also referred
to as pre-posterior uncertainty (hence the “pp” in the symbol), in order to
distinguish it both from the prior uncertainty o, (the uncertainty of the
parameter if no monitoring is carried out) and the posterior uncertainty
0|y (the uncertainty after monitoring data are acquired).

A notable feature of both Equations 8.12 and 8.14 is that the posterior
uncertainty is completely independent from the response recording y.
Therefore, it is possible to estimate the pre-posterior uncertainty o, pp
by making reasonable assumptions on the time sampling vector ¢, the
expected temperature record 7", and the value of the residual’s noise o .

8.3.1 Pre-Posterior Estimate of Time and Temperature Vec-
tors

Assuming that the monitoring sampling is uniform, the time vector only
depends on the total monitoring time ¢;,+ and the design sampling fre-
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quency fs. The total number of measurements /N acquired during the
monitoring is

N =ty fs+1 (8.15)

and the timestamps of the measurements are defined as

1
[s
For design purposes, the expected temperature measurements 7; can

be expressed through a sine function with a period 7 = 365.25 days, or
1 year [24]:

t (i—1),i=1,2,3,..,N (8.16)

2
T, = a- sin (Wt,-—i—b) L i=1,2,3,.. N (8.17)
T

where « is the amplitude of the temperature sinusoidal function, b is
the phase, and c is an offset corresponding to the temperature’s seasonal
mean value.

8.3.2 Pre-Posterior Estimate of the Residual Noise >1 g4

Assume that sensor measurements y; and 7; are approximations of the
corresponding true physical values §(¢;) and T'(t;), and that the scatter
between the two is zero-mean random noise n;(c2). Let the variances of
the measurements be O‘Z and a%, depending on sensor accuracy:

i =t j02

AT, = AT(LLZ) + nia%

Given the linear interpretation model defined, we assume that the
true values satisfy

yj(tz) = Yo —l—m-Ati—i-Ct-AT(ti) —I—TLZ'(UQ ) (8.19)

model

where n;(c2, ;) is zero-mean normal noise with variance o2, ;.
that represents the difference between the true physical quantity and the
model prediction. The model uncertainty Ufno 4e; derives from approxi-
mations and idealizations made in the formulation of the interpretation
model, as well as in the choice of the probability distribution of the model
parameters.

Then, Equations 8.18 and 8.19 can be merged into a single equation:

Yi — ni(ai) =yo+m- Ati + o (T, — ni(07)) + ni(010e1) (8-20)
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and all of the zero-mean Gaussian errors can be merged into one
zero-mean Gaussian error n;(02y), which corresponds precisely to the
residual z; between the observation y; and the nominal value of the
model:

ni(oty) = ni(oy) + - ni(0F) +1i(Tmoder) (8.21)

As a result, variance UEH includes both the noise of the sensors and

the uncertainty of the model, combined with the propagation of uncer-

tainty through the square root of the sum of squares, assuming statisti-
cally uncorrelated errors [34]:

oty = 05 +a- o8+ 02 el (8.22)

8.3.3 Impact of the Time-Temperature Correlation

Theterm1/4/1 — p%T in Equation 8.14 depends on the linear correlation
coefficient ps between the time and temperature vectors. Given the
definition of T;(a,b,c) in Equation 8.17, the coefficient pyr, in turn,
depends on the phase-parameter b. In practice, this parameter allows the
setting of the start date of the monitoring period. On the other hand, both
the parameters amplitude a and offset ¢ do not have any influence on
p¢T; therefore, they can be set arbitrarily.

Given two sine temperature functions like Equation 8.17, if their dif-
ferences with regard to phase-parameter b are equal to 7, e.g., T'(b = 0)
and T'(b = ), the results in terms of oy, pp are the same. This is due

to the presence of the square value of pgrin1/4/1 — p%T, which makes

it irrelevant whether the time and temperature vectors are directly or in-
versely correlated:

Um,pp(Tb:O) = Om,pp (Ty=r) (8.23)

In contrast, if the difference in the phase-parameter b is equal to 7/2,
e.g., T(b = 0) and T'(b = m/2), the result is the maximum difference
Apax between the values of 0y, pp estimated with those two temperature
vectors:

UmvPP(Tb=0) - UmaPP(szﬂ'/2) = Amax (3.24)

Because the sinusoidal function 7" has a period of 7 = 365 days, a
difference in b equal to 7 corresponds approximately to 6 months (7/2 =
182.5 days ~ 6 months); in contrast, a difference in b equal to /2 ap-
proximately corresponds to 3 months (7/4 = 91.25 days ~ 3 months).
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Figure 8.1 shows the impact of the time—temperature correlation on
Om,pp; specifically, it shows the comparison between the two limit cases,

b=0and b= m/2,in terms of pyp, 1/4/1 — pr, and 0, pp.
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Figure 8.1: Impact of the time—temperature correlation on the pre-posterior uncertainty as the
monitoring duration t,,; increases from 1 to 730 days in the limit cases b = 0 (red lines) and
b = 7/2 (blue lines). (a) Time t with N = 730 and fs = 1/day, and temperature T with
a = 20°C and c = 0°C'; (b) the absolute value of the linear correlation coefficient pyT between t

259md T; (c) term 1/+/1 — pr of Equation 8.14; (d) the ratio between the pre-posterior uncertainty
Om.pp and the likelihood uncertainty oy y.
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Figure 8.1b shows the absolute value of pyr as the monitoring dura-

tion increases, while Figure 8.1c,d show the effect of |pyr|on1/4/1 — p2p.
and o, pp; different values of the phase parameter b in the temperature
function T'(b) determine different outcomes.

When b = 0 (red curves), the absolute value of the correlation coef-
ficient pyr decreases to O after approximately 183 days from the mon-
itoring start date. Then, it increases until 320 days, when it decreases
again; it reaches 0 for the second time after around 540 days from the
monitoring start date. In contrast, when b = 7/2 (blue curves), |p¢r|
increases until 180 days from the monitoring start date. Then, from 180
to 360 days, |per| decreases monotonically. It is interesting to highlight
that for longer monitoring durations, the linear correlation between the
time and temperature increases and decreases periodically, without zero-
ing permanently. However, such variations in |py7| do not have a great

influence on 1/4/1 — pr, or consequently on o, pp. Indeed, after ap-
proximately 450 days of monitoring, 57/4 ~ 457 days ~ 15 months,

the term 1/4/1 — p%T is approximately equal to 1. Therefore, the im-
pact of the time—temperature correlation on o, p, is negligible for long
monitoring periods (more than 15 months).

Figure 8.1d shows that the difference between the two limit cases
Tm.pp(Th=0) and o, pp(Ty—r2) also becomes negligible after around 15
months of monitoring; therefore, the start date of the monitoring does
not influence the monitoring effectiveness.

From Figure 8.1d, it can also be noted that the red curve 0, pp(Th—0)/0oLH
has a constant plateau from day 183 to day 320; the expected uncertainty
remains constant without decreasing for a long interval of the monitor-
ing period due to the increasing linear correlation pr during such an
interval. The practical meaning of this observation is that increases in
the monitoring period within this interval will not produce an improved
knowledge of the structural state in terms of the measurement trend, due
to the effect of temperature.

It may be observed that a theoretical sinusoidal function like 7'(¢;, a, b, ¢)
in Equation 8.17 might not be representative of experimental temperature
measurements. Real temperature measurements can be better simulated
by adding Gaussian noise 7;(0poise ) to the sinusoidal temperature, which
represents the observed variation in real temperature between one day
and the following one:

Ti,noise =T +n; (Unoise) (8.25)

where oyi5e can be set, for instance, as 5% of the temperature range
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of the sine function. Figure 8.2 shows the impact of temperature vari-
ation simulated as Gaussian noise 7;(0yoise) On the pre-posterior uncer-
tainty o, pp-

40
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g 0
F
-20
_40 1 1 1 1 1 1 1
@
1 I I 1 I
Tnoise(b=0) 1
Tnoise(b=7r/ 2) .
T(b=0) ]
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Figure 8.2: Impact of the day-by-day variation in temperature simulated as Gaussian noise
1;(Onoise) 0N the pre-posterior uncertainty as the monitoring duration ttot increases from 1 to 730
days in the limit cases b = 0 and b = 7 /2. (a) Comparison between T, and T'; (b) comparison
between 0.y, pp (T, t) /o1y and 0 pp(Thoise, t)/orn. Temperatures with a = 20°C, a = 0°C, and
O noise = 2°C.

Figure 8.2b shows that the pre-posterior uncertainty calculated with
the simulated experimental temperature function T} s is smaller than
the pre-posterior uncertainty calculated with the theoretical temperature
function T'. Indeed, the random variability 7;(opoise) in Thoise reduces
the linear correlation between the temperature and time. As a result, the
evaluation of oy, pp /oL based on the theoretical temperature T" provides
safer results compared to the scenario where it is based on some real
temperature data affected by day-by-day variability.

8.3.4 Impact of the Sampling Frequency

Term 1/|At| in Equation 8.14 is the reciprocal of the absolute value of
vector At, i.e., the reciprocal of the standard deviation of vector t. We
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can express 1/|At| as

1 1 1
= (8.26)

I N 21 [N
\/ziil (Fa-n-") VR D

The term 1/|At| depends on both the number of samples N and the
sampling frequency f;, and behaves as the inverse of an inertial factor:
as the monitoring duration and sampling frequency increase, 1/|At| and
om,pp decrease. Figure 8.3 shows the impact of the monitoring duration

and sampling frequency on 1/4/1 — p2., 1/|At| and oy, pp; it clearly

shows that 1/4/1 — p2.. does not depend on f;, unlike 1/|A¢|.
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Figure 8.3: Impact of the sampling frequency f, on pre-posterior uncertainty oy, p,. The graphs
are plotted against the monitoring duration ttot from 1 to 730 days, for different time intervals 1/ f
between measurements, from 1 to 60 days. (a) Impact on term 1/+/1 — p2p; (b) impact on term

1/|At

, where b is set equal to 7 /2; (c) impact on oy, pp/OLa.

8.3.5 Impact of the Residual’s Noise oy

The residual’s noise oy works as an amplification coefficient on o7, pp:
as it decreases, oy, pp decreases. In order to reduce oy, and thus to ob-
tain a more accurate estimation of m, we can choose high-performance
sensors; in particular, the sensors’ accuracy (i.e., the small random noise
o and o) is critical when the model uncertainty opoder is small. How-
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ever, under the assumption of statistically uncorrelated errors, the sensor
accuracy can be less critical: high model uncertainties op,oqe] Strongly
reduce the influence of sensor noise o, and o7 on opy; therefore, us-
ing very accurate and expensive instrumentation does not drastically im-

prove the monitoring effectiveness in the estimation of the trend param-
eter.

8.3.6 Impact of Prior Distributions

Finally, we can analyse the difference between Equations 8.12 and 8.14.
Figure 8.4 shows a comparison between o, , with Gaussian prior pa-
rameter distributions (Equation 8.12), and o, pp neglecting prior param-
eter distributions (Equation 8.14).
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FA T 7o L e o, oy
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Figure 8.4: Impact of the prior distributions of parameters o and m on the pre-posterior uncer-
tainty. The graphs are plotted against the monitoring duration tyo from 1 to 730 days, b = 0,

fs = 1. (a) o /o — 00, 0o /0oLy varies from 10 to 0.001 °C~1; (b) 0o /o1y — 00, Om/oLH
varies from 1000 to 0.1 year—!.

In Figure 8.4a, Equation 8.12 is plotted assuming different possible
prior Gaussian distributions of parameter m while the prior distribution
of the thermal coefficient « is neglected (0, /oLy — o0). In Figure 8.4b,
Equation 8.12 is plotted assuming different possible prior Gaussian dis-
tributions of o while the prior distribution of m is neglected (0, /oLy —
o0). The standard deviations of the prior distributions range from highly
uncertain to very accurate values: from o,,/o g = 1000 yearfl to
om/oLn = 0.1 year~! in Figure 8.4a, and from o, /oy = 10 °C~ ! to
0o/oLn = 0.001 °C~1 in Figure 8.4b.

When the prior distribution of the model parameters is highly un-
certain (orange solid lines), Equation 8.12 provides the same results as
Equation 8.14 (black dashed lines), apart from very short monitoring du-
rations. In contrast, when the prior distribution of m is very accurate (the
purple solid line in Figure 8.4a), 0,y pp stays almost constant and slightly

257



Valeria Caspani - Advancing Bridge Health Monitoring through Satellite InSAR and
Performance-Based System Design

decreases as the monitoring duration increases. Therefore, if the trend
parameter m is accurately known a priori, structural health monitoring is
not necessary. When o, /oy — 0, Equation 8.12 becomes

Tmpp(Tyt) =0V N (8.27)

On the other hand, when the prior distribution of « is very accurate
(the purple solid line in Figure 8.4b), oy, pp is completely independent
from the linear correlation between the time and temperature. Indeed,
if the thermal coefficient « is accurately known a priori, we can com-
pensate the temperature effects deterministically. When o, /oLy — 0,
Equation 8.12 becomes

1
Ompp(Tyt) = oLH e (8.28)

Til | A
Jm
Generally, for typical values of the prior uncertainty of the parame-
ters, the prior Gaussian distributions affect the results of oy, p, only for
short monitoring periods. Consequently, as the monitoring duration in-
creases, the prior distributions become less influential, and Equation 8.12
resembles Equation 8.14.

8.4 Colle Isarco Viaduct Case Study

The Colle Isarco Viaduct [32] is an Italian prestressed concrete highway
bridge. It was erected in 1968, and opened to traffic in 1971. The viaduct
consists of two structurally independent decks, both with 13 spans, for a
total length of 1028 m. The main span is 163 m long, and is made of two
symmetric reinforced concrete Niagara box girders, which support a 45
m-long suspended beam. At the end of each box girder is a 59 m-long
cantilever, counterbalanced by a back arm with a length of 91 m. Each
box girder is composed of 33 cast-in-place segments with a depth varying
from 10.93 m at the pier to 2.57 m at the edge. The thickness of the top
slab is constant, at 0.29 m, while the bottom slab varies from 0.99 m to
0.12 m. A concrete with nominal class R, = 450 kg/ cm? was used
for all of the cast-in-place elements of thepiers and girders. The initial
prestressing was applied through 32 mm diameter Dywidag ST 85/105
threaded bars, with an initial jacking tension of 720 MPa. For each 59m-
long cantilever, the longitudinal force above the pier was about 120 MN,
and was provided by a total of 266 cables. Figure 8.5a shows a picture
of the viaduct from pier 7 to 9. Figure 8.5b shows a longitudinal section
of the viaduct between piers 7 and 10, as well as two cross-sections of
the box girders.
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Figure 8.5: (a) The main span and northernmost cantilever of Colle Isarco Viaduct; (b) a longi-
tudinal section of the viaduct between piers 7 and 10, and cross-sections of the box girders, with
dimensions in meters.

The Colle Isarco Viaduct has been subjected to excessive creep and
shrinkage phenomena since its construction. It has experienced a pro-
gressive abnormal deformation of the top and bottom slab, resulting in
an abnormal deflection of the cantilever beams, which are mostly evi-
dent at the edge of the 59 m-long cantilever even several decades after
its construction. This high sensitivity to creep and shrinkage phenomena
is experienced by many other bridges of the same type, and has been in-
vestigated by several authors [23, 35, 36]. They suggest that the cause of
such behaviour is the combination of creep phenomena, prestress tension
losses, the huge difference between the top and the bottom slab in terms
of thickness, the variation of the load condition during the construction
phase, and maintenance works. Just a few years after its construction,
the main span showed an excessive deflection trend, which resulted in
a deflection of 100 mm in 1976 and 200 mm in 1984, while the design
prediction was less than 20 mm. In 2014, through a retrofit work, the
four box girders were equipped with an external post-tensioning system,
which provides additional prestress through 212 0.6” diameter compact
strands, with a jacking load of 213 kN. The additional longitudinal force
produced above the piers was about 45 MN, which is almost 40% of the
original prestress. The thickness of the top slab of the box girder was
increased from 260 mm to 290 mm, to compensate for the additional
post-tensioning force. This retrofit work reduced the deflection by 80
mm and changed the deflection drift from negative to positive. Details of
the retrofit work can be found in the relevant design documentation [37].

The Colle Isarco Viaduct is currently monitored by three different
technologies [22]. First, a topographic network measures the 3D dis-
placements of the decks between pier 7 and pier 10. It consists of two
stations, Leica Nova TM50, which collimate GPR112 prisms: 60 mea-
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surement points and 12 benchmarks. The topographic system was in-
stalled in 2014 before the retrofit works. Second, a network of 82 re-
sistance temperature detectors (RTDs), TH-PT100, provided by Nova
Metrix measures the local concrete temperature of the top and bottom
slabs of the four cantilevers. The RTD network was installed in 2016.
Third, 56 long-gauge fibre optic sensors (FOSs) measure the concrete
local strain in the middle of the top and bottom slab. They are 12.1010
MuST deformation sensors, provided by Smartec SA. The FOSs net-
work was installed in 2016 to monitor the long-term effects of the 2014
post-tensioning intervention. In the present study, the focus is on strain
and temperature measurements: Figure 8.6 shows the positions of the
RTDs and FOSs on the northernmost cantilever of the northbound car-
riageway. The strain and temperature sensors are placed next to each
other, and take one measurement every 15 min simultaneously. The lo-
cal strain measured in the concrete slabs allows the effective calculation
of the curvature of the girders, and the investigation of the causes of pos-
sible excessive long-term deformation trends. Conversely, the curvature
calculated from the displacements provided by the topographic systems
would be affected by severe errors due to the propagation of uncertainty.
The local temperature of the concrete allows the compensation of the to-
tal strain measurements, which are severely affected by the response of
the structure to daily and seasonal temperature variations.
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Figure 8.6: Positions of (a) the RTDs and (b) the FOSs on the north-
ernmost cantilever of the northbound carriageway. The dimensions are
given in meters.
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8.5 Application to the Case Study

In this Section, we apply our approach to the Colle Isarco Viaduct case
study; our aim is the evaluation of the expected uncertainty of the long-
term strain trend of concrete, as compensated from temperature effects.
In particular, we consider the strain and temperature monitoring system
currently installed on the structure. First, we play the role of monitoring
system designers, who chose the strain and temperature sensors and their
location on the concrete box girders in 2016; our goal is the pre-posterior
estimation of the expected uncertainty of the strain trend through Equa-
tion 8.12. Then, we play the role of monitoring data analysts, and we
analyse the local strain and temperature recorded by the monitoring sys-
tem; here, the goal is to infer a posteriori the posterior uncertainty based
on the monitoring data acquired from the structure from April 2017 to
February 2019. Finally, we validate the proposed approach by compar-
ing the expected uncertainty with the posterior uncertainty, and we dis-
cuss the impact of the monitoring duration, monitoring start date, and
temperature simulation.

8.5.1 Pre-Posterior Analysis: Expected Uncertainty in the
Design Phase

Let us play the role of the monitoring system designer. It is the year
2016, and we are designing a local-strain monitoring system for the
concrete box girders of the Colle Isarco Viaduct. It must provide the
local-strain linear trend m, as compensated from the seasonal tempera-
ture changes. We have already chosen the tentative strain and tempera-
ture sensors: their random noise is a zero-mean Gaussian variable with
standard deviations o and o, respectively. In addition, we have already
defined the sensor placement, see Figure 8.6, and the linear interpreta-
tion model, see Equation 8.1. Our goal is the pre-posterior estimation of
the expected uncertainty 0., p, of the local strain linear trend m, in order
to verify whether it is lower than a target value set by the viaduct man-
ager, who oversees the infrastructure operation. We assume that once the
monitoring system is up and running, it will acquire one local strain ¢;
and one temperature measurement 7; per day, for [V days.
Simulation of the Expected Time and Temperature
First, we must define the elements within the time ti and temperature
T; vectors. We simulate time through Equation 8.16, and we set the
sampling frequency as one measurement per day, f; = 1 day~'. We
obtain the same vector ¢ in Figure 8.1a. We wish to study how o, pp
changes with the monitoring duration t;,; varying from 3 to 600 days.
Then, we simulate the expected seasonal temperature variation in
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two different ways: a sine function T', defined as Equation 8.17, and a
sine function with Gaussian noise Tnoise, defined as Equation 8.25. In
order to represent two different start dates of the monitoring, we set two
cases of the phase-parameter: b = 7/2 and b = 0. In the first case, the
monitoring period starts when the seasonal temperature reaches approx-
imately its maximum stationarity point (during the summer season); in
the second case, it starts in proximity to its point of inflection (during the
spring season).

Estimation of the Measurements and Model Uncertainties

‘We must calculate the likelihood-function uncertainty oy g through Equa-
tion 8.22, where the measurement uncertainty o, is represented by the
standard deviation o, of the strain-sensors’ zero-mean Gaussian random
noise:

oL = \J0? + 0 0%+ 02, = 2Lpe (8.29)
where:

* « = 10 pe/°C is the local-concrete thermal-expansion coefficient
at 20 °C [21].

* 0. = 2 pe is the accuracy of the strain sensors.

* or = 0.5 °C'is the accuracy of the temperature sensors.

* Omodel = 20 pe, based on similar case studies [7, 22].

Expected Uncertainty

We perform the pre-posterior estimation of the expected uncertainty o, pp
of the local strain linear trend m through Equation 8.12. We use the
likelihood-function uncertainty opy defined in Equation 8.29 and the
time and temperature vectors defined in Section 8.5.1. In particular, we
calculate o, pp with the two simulated temperature vectors, T" and Thojse,
and we study how o, p, changes as the monitoring duration NV increases
from 3 to 600 days. Figure 8.7 shows the results, which we will dis-
cuss in Section 8.5.3, along with the results on the real uncertainty o,
inferred a posteriori based on the monitoring observations.

8.5.2 Posterior Analysis: Real Uncertainty Based on the Mon-
itoring Data

Let us play the role of the monitoring data analyst. The structural health
monitoring system has been running for 4 years. We analyse the mea-
surements of local-strain € and the temperature acquired from April 2017
to February 2019 from the bottom slab of the northernmost box girder
C5-N by strain sensor FBG-2.10-N and temperature sensors C5-1-N and
C5-2-N (see Figure 8.6). We analyse the mean value of the temperature
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Figure 8.7: Expected uncertainty o, pp of the linear-trend parameter m estimated in the design
phase. Phase parameter b is set as (a) b = 0 and (b) b = /2. The monitoring duration t;,; varies

from 3 to 600 days.

data recorded by the two sensors, which we label T§;,. Our goal is now to
infer a posteriori the posterior uncertainty o, of the local strain linear
trend m, based on these monitoring data, and to study how it changes
when the monitoring duration N increases from 3 to 600 days.

Under the hypotheses Hp. 1 and Hp. 2 (linear-Gaussian model), we
define the prior Gaussian probability distribution of model parameters m
and «: parameter m has prior mean value p,,, = 0 and prior standard de-
viation o,,, = 365 ue/year; parameter « has prior mean value p, = 10
and prior standard deviation o, = 3 pe/°C. Moreover, we consider
oLy as an additional model parameter to be estimated a posteriori, and
we assume its prior probability distribution to be uniform. Then, we per-
form a Bayesian parameter estimation through a Markov chain Monte
Carlo method based on the Metropolis Hasting algorithm [38]. Through
an iterative process, this method estimates the posterior probability dis-
tribution of parameters p(m|e) and p(ae), as well as the distribution
of the residual p(z|e), for any chosen monitoring duration. Finally, we
perform temperature compensation on the total strain measurements by
removing the thermal-strain component of the model, « - Ty, and iso-
lating the strain trend due to long-term effects m - . Figure 8.8a,b show
the strain and temperature measurements recorded from 20 July 2017
to 17 February 2019, respectively; Figure 8.8c shows the temperature-
compensated strain-data € — « - Ty, as well as the linear strain trend
m - t.

We are interested in studying the ways in which the model parameter
m, its uncertainty o,,,e, and the uncertainty of the likelihood function
OLH|e @ posteriori change as the monitoring duration increases from 3
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Figure 8.8: (a) 600 days of strain measurements from sensor FBG-2.10-N; (b) mean values of 600
days of temperature measurements from sensors C5-1-N and C5-2-N; (c) temperature-compensated
strain measurements and the posterior local-strain linear-trend m - t over 600 days. Measurements

of each sensor are plotted subtracting the first value.

to 600 days. In order to obtain the same initial conditions as in the de-
sign phase (Section 8.5.1) in terms of the monitoring start date, we fit
T with a sinusoidal function defined as Equation 8.17, and we identify
the timestamps corresponding to the maximum stationarity point and the
inflection point: the first corresponds approximately to 20 July, and the
second corresponds to 20 April. Therefore, we perform parameter esti-
mation and temperature compensation with two sets of monitoring data:
the first starts on 20 April 2017, corresponding to setting b = 0 in the de-
sign simulated temperature function, while the second starts on 20 July
2017, corresponding to setting b = 7/2 in the design simulated temper-
ature function. We repeat the analysis multiple times, changing moni-
toring duration t;,; from 3 to 600 days. Figure 8.9a,b show the results
in terms of m and oy ), With monitoring data starting on 20 July 2017.
They are plotted along with their 0.01 and 0.99 percentile to highlight
the interval of confidence.

Figure 8.9a shows the posterior mean value of m, fi,e, as the mon-
itoring duration increases. It varies as the monitoring duration increases
during the first year of monitoring; for longer monitoring durations, it
settles around a constant value. The reason is that m is affected by a
higher uncertainty due to the time-temperature correlation during the first
period of monitoring, while this correlation decreases and becomes un-
influential for longer monitoring durations, as we observed in Section
8.3.3.

Figure 8.9b shows the posterior mean value of the likelihood-function
uncertainty Moy as the monitoring duration increases. Like the trend
parameter m, oy stabilizes at an approximately constant value after
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Figure 8.9: (a) Mean value and percentiles 0.01 and 0.99 of parameter m a posteriori; (b) mean
value and percentiles 0.01 and 0.99 of the likelihood-function uncertainty oy a posteriori.

around one year of monitoring; this
tation model defined in Equation 8.1
long-term structural response.

indicates that the linear interpre-

is appropriate to approximate the

Figure 8.10 shows the posterior uncertainty o, as the monitoring
duration increases for the two limit cases of the monitoring start date.
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Figure 8.10: Real uncertainty o, of the linear-trend parameter m, estimated a posteriori based
on the monitoring data. The monitoring start dates are (a) 20 April and (b) 20 July.

8.5.3 Discussion of the Results

Here, we validate the proposed approach by comparing the expected un-
certainty with the posterior uncertainty, and discuss the impact of the

monitoring duration, the monitoring start date, and the temperature sim-

ulation. Finally, we compare our approach.
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Expected vs. Real Uncertainty

Based on the case study results, we aim to validate the proposed ap-
proach for the estimation of the pre-posterior uncertainty of the structural
long-term linear response trend. Therefore, we compare the expected un-
certainty oy, pp With the posterior uncertainty o,,|¢, and we discuss their
difference as we change the monitoring duration, monitoring start date,
and temperature simulation.

Figure 8.11 shows the comparison between the pre-posterior linear
trend uncertainty o, p, estimated with T" and T}ise, and the linear trend
uncertainty calculated a posteriori, 7,,c. They are plotted against mon-
itoring duration t;,;; we reported both the limit scenarios of monitoring
start date: 20 April, corresponding to b = 0 in the design simulated tem-
perature function, and 20 July, corresponding to b = 7/2 in the design
simulated temperature function. Here, 0., is 1 pe/day = 365 ue/year,
which is the value used in the Bayesian parameter estimation described
in Section 8.5.3.
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Figure 8.11: Pre-posterior o,y and posterior o, ¢ linear trend uncertainty plotted against the
monitoring duration ti,;. The monitoring start dates are (a) 20 April, b = 0, and (b) 20 July,

b = /2. The monitoring duration t.,; varies from 3 to 600 days.

We note that the expected—pre-posterior—uncertainty estimated with
T tends to overestimate the real—posterior—uncertainty for short monitor-
ing durations, while they become qualitatively similar for longer moni-
toring durations. In contrast, the expected uncertainties estimated with
both Ti,ise is closer to the real uncertainty even for short monitoring du-
rations. Such results confirm what we observed in Section 8.3.3: the
expected uncertainty is smaller when calculated with T}, for short
monitoring durations, because the random variability 7;(oyoise) in Thoise
reduces the correlation between the temperature and time. As a result,
within the calculation of the expected uncertainty o, pp With Tjise, the
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posterior uncertainty of the trend-parameter o,, might be underesti-
mated, depending on the chosen value of oyis.. In contrast, the expected
uncertainty o, pp calculated with T' always slightly overestimates the
posterior one, so that its use is safe for the design purpose.

In order to quantify the difference between the expected and real un-
certainty of a model parameter, and to validate the proposed approach,
we use the concept of monitoring system effectiveness [3] in the esti-
mation of the model parameter m. The monitoring effectiveness, 7,
expresses the extent to which the monitoring observations improve the
knowledge of the structure behaviour; in other words, the extent to which
the parameter uncertainty a posteriori is lower than a priori. We define
the expected effectiveness of the monitoring system, 7y, as the ratio be-
tween the prior uncertainty o, and the pre-posterior uncertainty o, pp.
We define the real effectiveness of the monitoring system, 7,1, as the ra-
tio between the prior uncertainty o, and the posterior uncertainty o,

Nexp = Um/Um,pp (8.30)
Nexp = Om/Omle (8.31)

The inverse of the monitoring effectiveness, 1/7, expresses the inef-
fectiveness of the monitoring system: the closer 1/7 is to zero, the higher
the reduction in the parameter uncertainty thanks to the monitoring data;
the closer 1/ is to 1, the lower the reduction in the parameter uncer-
tainty thanks to the monitoring data. Figure 8.12 shows the expected and
real ineffectiveness of the monitoring system, 1/ Texp and 1 /Mreal s TESPEC-
tively.
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Figure 8.12: Expected 1/1,y, and real 1/1,.q ineffectiveness of the monitoring system. The 1 /1y,
is calculated with T and T,,;s.. The monitoring start dates are (a) 20 April, b = 0, and (b) 20 July,
b = /2. The monitoring duration t.,; varies from 3 to 600 days.
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As the monitoring duration increases, both the expected and the real
monitoring ineffectiveness 1/7 decrease. The monitoring start date in-
fluences the monitoring duration required before 1/7 stabilizes around
zero. In particular, a monitoring system that starts measuring in summer
reaches 1/n ~ 0 after around 250 days; in contrast, a monitoring system
that starts measuring in spring reaches 1/n ~ 0 after around 150 days.
A few days’ variations depend on the simulated temperature used.

Finally, we quantify the error e, p, in the pre-posterior estimation of
the linear trend uncertainty o, pp, as the difference between the expected
and real ineffectiveness of the monitoring system.

€m,pp = 1/nexp - 1/77real (8.32)

Figure 8.13 shows how the error e, p, changes as the monitoring
duration increases.
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Figure 8.13: Error e, p, between the expected and the real uncertainty of the parameter m. The
expected uncertainty is calculated with T and T,;s.. The monitoring start dates are (a) 20 April
and (b) 20 July. 0., = 1 ue/day = 365 pe/year.

The error e, pp, may have negative values according to the simulated
temperature function used in the estimation of o, pp [39]; for positive
values of e, pp, the posterior uncertainty o, is overestimated, while
for negative values of ey, pp, the posterior uncertainty o, is underes-
timated. In our case, when the monitoring starts in the spring, €, pp is
mostly positive with any simulated temperature function; it progressively
decreases and zeroes after around 150 days. On the other hand, when the
monitoring starts during summer, e, p, has some negative values in the
evaluation with Tie; the value of ey, p, remains constantly equal to
zero after a longer monitoring period of around 250 days.

We note that the expected uncertainty estimated with T is less accu-
rate than the one with T}, but it is always positive; the expected un-

268



8.5. Application to the Case Study

certainty estimated with our approach and with T' always overestimates
the real uncertainty. In this case, we may look at e, p,, as a safety factor:
the monitoring system will never provide the key parameter with poste-
rior uncertainty higher than what is expected. In contrast, the expected
uncertainty estimated with T, 1S more accurate, but can underestimate
the real uncertainty; this confirms again that the day-by-day variation of
Thoise reduces the time—temperature correlation.

Proposed Approach vs. Previous Studies

Our approach is in line with many previous studies in the literature re-
garding the use of a linear interpretation model to combine the mechan-
ical response with the temperature effects. Such a model can be used
to effectively perform the temperature compensation of monitoring data:
the effectiveness of this choice has been validated for mechanical re-
sponses such as strain measurements [40], ultrasonic measurements [41],
vibrational measurements [27, 31], and cracks opening [31]. The linear
temperature compensation of the monitoring data has proven to be nec-
essary to detect whether damage is present or not based on the measured
dynamic or static characteristics of a monitored system [13]. Moreover,
our approach is similar to that which is currently used for the tempera-
ture compensation of the sensor response [39, 42, 43, 44], rather than the
structural response. Indeed, the response of sensors is also sensible to
temperature variation; therefore, sensor measurements must compensate
for temperature effects before being used for structural assessment.

As far as the design of a structural health monitoring system is con-
cerned, there are many previous studies regarding the optimal sensor
placement based on the maximisation of the information acquired or
on the maximisation of the value of information acquired for structural
management purposes. However, to our best knowledge there aren’t any
previous studies regarding the estimation of the expected uncertainty of
structural response trends accounting for temperature compensation for
monitoring system design purposes.

Concerning the design of structural health monitoring systems, there
are many previous studies regarding the optimal sensor placement based
on the maximisation of the information acquired or on the maximisation
of the value of information acquired for structural management purposes.
However, to our best knowledge there aren’t any previous studies on
the estimation of the expected uncertainty of structural response trends
accounting for temperature compensation for design purposes.

The main advantage of our approach is its ease of use by the majority
of civil engineers, who typically have a solid background in structural de-
sign but not necessarily in statistics and probability. They can apply our
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algorithm to predict the performance of a tentative monitoring system in
the design phase, even without being familiar with Bayesian probability.
This is an important step forward for the extension of structural health
monitoring to a higher number of bridges. Indeed, the effectiveness of
a tentative monitoring system can be practically evaluated by comparing
the expected uncertainty (the monitoring system capacity) resulting from
the proposed algorithm with a target value required by the infrastructure
operator (monitoring system demand). This corresponds to the compar-
ison between the structural capacity and structural demand in structural
design.

On the other hand, the main disadvantage of the proposed algorithm
is its tendency to overestimate the real uncertainty of the trend-parameter
for short monitoring periods, which might require a stronger perfor-
mance of the sensors than is really necessary. This issue can be mit-
igated by choosing the simulated temperature T},ise, Wwhich models the
observed variation in the real temperature between two consecutive days,
rather than the sinusoidal temperature T'. However, the use of Ty re-
quires the statistical estimation of an appropriate value of oyise based
on the values of the local temperature. Finally, the uncertainty of the
linear model o041 should also be statistically estimated. It depends on
the trend parameter to be identified (e.g., the strain trend, displacement
trend, frequency trend, crack amplitude trend) and on the structure to be
monitored (e.g., prestressed concrete bridge, cable-stayed bridge, arch
bridge). Concerning prestressed concrete highway bridges and long-term
concrete strain trends, a value of oede; = 20 e is generally acceptable.

8.6 Conclusions

When designing a monitoring system, we need to predict beforehand
the uncertainty of the key performance parameters we expect to achieve
after the monitoring is performed. In this paper, we derived a simple-
to-use formulation that allows us to calculate the expected uncertainty
of a long-term structural response trend based on monitoring data com-
pensated from temperature effects. This formulation does not depend on
the response measurements; therefore, it can be used by the designer to
validate the performances of a tentative monitoring strategy before the
measurements are actually available. The formulation only requires us
to make reasonable assumptions on the sampling timestamp vector, the
expected temperature variation and the residual noise. The timestamp
vector depends on the sampling frequency chosen by the designers. The
temperature can be roughly, but effectively, simulated with a sine func-
tion with a period of 1 year. The residual error can be predicted by
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combining sensor noise and the approximation error of the interpretation
model. According to the formulation, the uncertainty of a linear drift
depends essentially on these factors:

* sensor accuracy, usually provided in the technical datasheets of the
Sensors;

* the correctness of the interpretation model, i.e., how well the model
fits the actual structural response;

* the monitoring duration, and, to a minor extent, the sampling fre-
quency;

* the degree of correlation between the time and temperature records,
i.e., the extent to which the temperature record confuses with a
straight line.

The formulation predicts that, for monitoring periods of a few months,
the uncertainty is particularly sensitive to the linear correlation between
the time and temperature, as temperature can be approximated to a linear
trend. In particular, the fitting quality changes significantly depending on
whether the monitoring start date is a solstice or an equinox. Beyond the
first year of monitoring, the confusion between the time and temperature
is negligible, and the quality of the monitoring primarily depends on the
monitoring duration.

We validated our approach by applying the formulation to a real-life
case study, the Colle Isarco Viaduct. This is one of the longest pre-
stressed concrete bridges in the European Alpine region, and it is cur-
rently equipped with an optical fibre sensor network and resistance tem-
perature detectors. We focused on a cross-section of the box girder of
the bridge, and we estimated the expected uncertainty of the long-term
strain trend, purged of seasonal temperature effects, with our approach.
Then, we verified whether the pre-posterior estimation of uncertainty is
consistent with its posterior estimation, based on the actual monitoring
data.

We observed that the expected uncertainty accurately predicts the
posterior uncertainty after 150-250 days of monitoring data. For shorter
monitoring durations, the prediction accuracy depends on the way in
which the expected temperature record was been simulated. In particu-
lar, the pre-posterior uncertainty estimated assuming an ideal sinusoidal
temperature record always slightly overestimates the actual posterior un-
certainty; therefore, its use is appropriate for the design purpose. Adding
Gaussian noise to the simulated sine temperature allows the prediction of
the posterior uncertainty with a smaller error, but it may underestimate
it; therefore, its use could be less appropriate for the design purpose.
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The proposed approach is an important step forward for the exten-
sion of structural health monitoring to a higher number of bridges. In-
deed, it can easily be used by civil engineers to quantify the expected
performance of a monitoring solution in its design phase, and it does not
require a solid background in statistics and probability. It allows the veri-
fication beforehand of the effectiveness of a monitoring solution with the
consolidated logical approach for structural design: capacity > demand.

Its validation for other types of structural response trends (e.g., dis-
placement, rotation, frequency variation, crack propagation) will be fur-
ther investigated in future research studies. Moreover, future research
will address the estimation of the expected uncertainty, accounting for
temperature compensation with a number of temperature sensors.
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9. Conclusions

9.1 Summary and research contribution

Due to the progressive aging of bridges, tragic collapses, and the increas-
ing frequency of extreme events, interest in permanent SHM of critical
infrastructure has rapidly grown. Significant research efforts and techno-
logical advancements in this field have generated widespread optimism
regarding the adoption of SHM technologies and methods in engineering
practice, further supported by national funding initiatives and new guide-
lines. Nowadays, there is a common understanding —or at least a general
awareness— among practitioners of the role of SHM as a tool capable of
improving knowledge of structural condition through the observation of
structural behaviour, and ultimately of identifying damage or deteriora-
tion. This information can then be exploited by infrastructure managers
to support decision-making within a BMS framework.

Despite this optimistic context, several challenges still hinder the
widespread adoption of SHM in real-world applications, mainly due to
the high costs associated with the installation, maintenance, and data
management of SHM systems. Traditional on-site monitoring systems
usually require the installation of several expensive components and a
complex architecture (e.g. sensors, cabling systems, acquisition mod-
ules, uninterruptible power supplies, centralized computers, etc.). More-
over, there is currently no standardized regulation for the design of such
systems based on the different needs and objectives of the monitoring,
meaning that some systems may prove ineffective and may even result
in a waste of resources and financial investments.

This thesis presents practical solutions to some of the main chal-
lenges previously identified as limiting the widespread adoption of SHM
for bridge management. These solutions leverage satellite SAR monitor-
ing to explore a remote, device-free approach to bridge monitoring, and
also address the design of monitoring systems and the evaluation of their
effectiveness.

First of all, this thesis includes a comprehensive state-of-the-art on
BMS practices, current trends, and main challenges. This contribution
provides an organized and in-depth overview of the field in which SHM
developments are grounded, considering that the ultimate goal of SHM
is bridge condition assessment and support for effective bridge manage-
ment. This work lays the foundation for the main operational research of
the thesis.

Subsequently, this thesis explores the potential of satellite SAR tech-
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nology for bridge monitoring without the need to install any sensors on
site. It advances this growing field of research by introducing a frame-
work for bridge deformation analysis based on satellite MT-InSAR data
processing, demonstrated through the A22 Po River bridge case study.
Moreover, it presents a novel data-driven approach for the automated
post-processing and interpretation of results extracted by means of MT-
InSAR analysis, promoting the integration of SAR data into BMS frame-
works. This approach was tested on the A22 Po River bridge and the A22
Colle Isarco Viaduct case studies. The key findings from this work are:
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MT-InSAR is a promising tool for the SHM of bridges. In the
analysed case studies, the high number of identified PS points,
together with the high temporal coherence values, confirm the high
reliability of satellite InSAR for long-term bridge monitoring.

Periodic displacement patterns consistent with the expected thermo-
structural response of the bridges were observed through MT-InSAR
results, validating the sensitivity of InSAR to temperature-induced
movements.

Unexpected deformation patterns were also detected in the MT-
InSAR results, highlighting localized abnormal deformation rates
within the analysed areas.

A relationship between river water level fluctuations and the dis-
placement behaviour of bridge piers was identified, emphasizing
the relevance of environmental and geotechnical factors.

A customized data-driven clustering algorithm was developed to
enable the rapid and automatic classification of MT-InSAR results,
i.e. the extracted PS.

The algorithm accounts not only for the displacement time-series
of PS, but also for their geographic coordinates. This approach
allows the identification of differing temporal patterns exhibited
by the PS —such as periodic trends, subsidence, uplift, and station-
ary behaviour— and their association with physical objects in the
examined area.

The proposed algorithm is applicable to a wide range of case stud-
ies and structures, encompassing different geometries and mate-
rials, structural schemes, spatial orientations, geographical loca-
tions, and surrounding environments of the monitored structure.

The proposed algorithm allowed the identification of both expected

and unexpected deformation patterns, the characterization of the
behaviour of individual structural components, and the distinction
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between the structures of interest and surrounding elements within
the study area.

* The proposed algorithm requires minimal calibration effort and
does not require prior specification of bridge coordinates or tech-
nical InSAR parameters, enabling its use by civil engineers with
limited expertise in data science techniques and MT-InSAR data
processing.

* The proposed algorithm advances the integration of MT-InSAR
data into BMS frameworks by providing an effective method for
the rapid analysis of large volumes of satellite data.

On the other hand, this thesis advances the field of monitoring sys-
tem design by proposing a formulation for evaluating the performance of
a monitoring solution during the design phase, when observations are not
yet available. This approach was validated using the A22 Colle Isarco
Viaduct case study, considering its existing SHM system, by comparing
the results of a pre-posteriori performance evaluation obtained through
the proposed formulation—without exploiting any monitoring data from
the system itself—with the actual a posteriori performance evaluated us-
ing the monitoring data acquired by the system. The key findings from
this research are:

* A simple formulation was derived to predict the expected uncer-
tainty of a long-term structural response trend—i.e. the monitoring
capacity—after temperature compensation.

* The proposed formulation does not require actual response mea-
surements as inputs, making it suitable for evaluating the perfor-
mance of a monitoring strategy during the design phase.

* It was found that the uncertainty of a structural response trend es-
sentially depends on:

Sénsor accuracy,

monitoring duration;
sampling frequency;
the degree of correlation between time and temperature.

For short monitoring periods, the expected uncertainty is highly
sensitive to temperature variations. After the first year of monitor-
ing, the confusion between time and temperature becomes negli-
gible.

* The proposed method represents a significant step toward extend-
ing SHM to a larger number of bridges, providing a simple tool
for engineers to assess monitoring performance without requiring
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advanced statistical knowledge. It can be used by practitioners
to design effective monitoring systems for the evaluation of long-
term structural response trends.

9.2 Limitations and future perspectives

It is important to acknowledge the limitations of this research. These
limitations provide context for interpreting the results and highlight areas
for future refinement and improvement:

* The effectiveness of InNSAR monitoring is strongly influenced by
the orientation of the analyzed bridge with respect to the satel-
lite LoS, which constrains the sensitivity to specific displacement
components. For example, when a bridge is oriented in the north—south
direction with its longitudinal axis parallel to the satellite orbit,
longitudinal movements of the bridge structural elements cannot
be observed.

* Satellite InSAR technique measures displacements along the LoS
direction, which may complicate the interpretation of complex,
multi-directional structural movements. To achieve a better under-
standing of the different displacement components, ascending and
descending satellite orbit datasets should be combined. However,
the analyses presented in this thesis are based solely on descending-
orbit datasets, limiting the ability to distinguish between vertical
and horizontal (longitudinal and transverse) displacements of the
investigated structures.

* The proposed algorithm for the automated classification of PS re-
quires calibration and some user-defined inputs. Specifically, for
each case study the user must define: (i) the number of clus-
ters; and (ii) the values of the coefficients « and 3, regulating the
weights of the clustering metric components.

* The proposed formulation for monitoring system design relies on
the a priori definition of a timestamp vector, a simulated temper-
ature function, and residual noise. Inaccurate estimation or high
uncertainty in these quantities during the design phase may lead to
errors in the prediction of the monitoring performance.

* The proposed formulation for monitoring system design allows the
evaluation of the expected uncertainty for a specific, yet essential,
class of monitoring state parameters, namely structural response
trends. Other types of monitoring state parameters remain unex-
plored.
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In light of the limitations discussed above, and in order to strengthen
the findings of this thesis and expand their applicability, future research
should aim to address the following aspects:

* Incorporating both ascending and descending orbit satellite datasets
into the analysis, to enable the separation of vertical and horizontal
displacement components, whenever the monitored structure can
be adequately observed from both satellite geometries. A compar-
ative analysis with the results obtained using single-orbit datasets
in this thesis, together with additional case studies, would further
improve the understanding of the actual applicability of SAR tech-
nology for SHM.

* Designing a tailored methodology to determine the optimal num-
ber of clusters when applying the proposed PS clustering algo-
rithm, by accounting for the geographical extent of the study area,
PS density, and the expected deformation patterns. In addition,
developing a systematic procedure for selecting the coefficients «
and [ as a function of the chosen number of clusters and the spe-
cific characteristics of each case study. The analysis of additional
case studies would support the refinement of these aspects and im-
prove the scalability of the proposed approach.

* Developing new formulations to evaluate the expected uncertainty
of different classes of key structural state parameters—such as vi-
brational parameters—thereby enabling the prediction of the perfor-
mance of various types of monitoring systems in the design phase.

 Further research is required on the estimation of the monitoring
demand, with the aim of integrating it into design codes, similarly
to what is done in structural design practice. In this context, a
Vol-based analysis conducted on a comprehensive dataset cover-
ing different structure types and key monitoring state parameters
is recommended, in line with the principles of performance-based
monitoring system design.

* Finally, the different findings and methodologies developed in this
thesis should be integrated into a comprehensive BMS framework.
Such a framework should jointly exploit on-site instrumental mon-
itoring data and satellite-based monitoring data to assess the con-
dition state of bridges and support informed decision-making for
maintenance and management actions.
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A. Comparison of monitoring systems performance

In Chapter 4, the Performance-based Monitoring System Design ap-
proach was illustrated. This methodology, adopted by the Italian guide-
lines for Structural Health Monitoring [1], includes a series of steps for
estimating the performance of a monitoring solution in the design phase:
the identification of a monitoring objective, and thus of the key state pa-
rameters of the monitoring; the evaluation of the monitoring demand;
the identification of a tentative solution for measuring the physical quan-
tities; the selection of an interpretation model, stating the relation be-
tween such quantities and the key state parameters; the evaluation of the
monitoring capacity; and finally, the comparison between demand and
capacity, to evaluate the effectiveness of the tentative system.

The evaluation of the monitoring capacity requires calculating the
expected uncertainty of the key state parameters in a pre-posteriori frame-
work. This process is not always straightforward, depending on the
objective of the monitoring, the involved observations, and the chosen
interpretation model. In Chapter 8, a closed-form expression for the
evaluation of the pre-posterior uncertainty of long-term response trends
was developed and discussed. The proposed formulation was validated
through the Colle Isarco viaduct case study.

This Chapter includes an additional discussion that provides further
insight into the application of the proposed formulation for monitoring
system design. Specifically, the performance of two monitoring solu-
tions is evaluated and compared, demonstrating how the proposed ap-
proach can be applied to address a practical monitoring system design
problem. The first solution is based on a traditional topographic moni-
toring system, while the second relies on satellite SAR technology. Both
technologies are used to measure displacements, and the extracted mon-
itoring state parameter is the long-term displacement trend.

A.1 Monitoring system design problem

Let’s take into account a monitoring system design problem, and wear
the hat of the monitoring system designer: a highway concessionaire
manager wants to monitor the long-term displacements trend of one of
their bridges, and thus ask us to suggest a monitoring solution.

As the system designers, our aim is the evaluation of the monitoring
capacity, i.e. the expected uncertainty of the long-term displacements
trend of the bridge compensated from temperature effects. Accordingly,
the measured quantities will include the displacements of the bridge’s
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structural elements and the temperature of those elements (or, alterna-
tively, the air temperature, if it can be assumed to exhibit similar vari-
ations). We take into account two specific technologies for measuring
structural displacements:

(a) A topographic on-site system that allows measuring the position
of optical prisms installed on the bridge at each reading of the
automatic total stations located near the bridge. Specifically, a
latest generation automatic total station will be taken into account.
Specifics and datasheet of such system can be found in [2].

(b) SAR sensors mounted on satellites, which provide SAR imagery
at each pass of the satellite over the bridge, that must be processed
through MT-InSAR technique in order to extract the bridge dis-
placements. Specifically, high-resolution X-band COSMO-SkyMed
(CSK) Stripmap HIMAGE datasets will be taken into account. The
specifics of such system can be found in [3].

The choice of one out of the two above described technologies has
an impact both on the monitoring performance —in terms of pre-posterior
uncertainty— and on the monitoring costs. Our aim is to verify what is the
most cost-effective technology to solve the monitoring design problem
and suggest a monitoring solution to the infrastructure manager, or alter-
natively to provide comprehensive information regarding the two options
different performance levels and costs, enabling the manager to make an
informed decision.

According to the monitoring system design procedure (Section 4.1),
first we must define the monitoring demand &, in terms of maximum ac-
ceptable uncertainty in the estimation of the displacement trend m (the
displacement trend m is the key state parameter in this monitoring prob-
lem). Then, we must define the interpretation model, stating the relation
between model parameters and observed quantities. Finally, we can pro-
ceed to calculate the monitoring capacity o, pp in terms of pre-posterior
uncertainty of the displacement trend, for both the proposed tentative
monitoring solutions, and verify their effectiveness.

A.2 Monitoring demand

Let us define the value of the monitoring demand &,,,. This value rep-
resents the accuracy requirement set by the infrastructure manager for
the evaluation of the key monitoring state parameter, allowing us to es-
tablish a benchmark for comparing the two solutions performance. Let
us assume that the manager of the bridge needs to know the state of
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the structure, here represented by the long-term displacement trend m
of the structural elements, with an uncertainty not higher than 7, =
1 mm/year. Moreover, as the monitoring system designers, we also
may want to push the request further, and evaluate the tentative systems
performance with a demand of &, suicc = 0.1 mm/year.

A.3 Interpretation model

The interpretation model is represented by Equation A.1, where the ob-
served structural response y are the structural elements displacements in
mm.

Yi = Yo +m- Aty + oy - AT + 2 (A.1)

Where:

* 7o is an offset parameter representing the displacement at time g
and temperature 7.

* oy [mm/°C] represents the apparent thermal component of dis-
placement measurements. c, depends on the concrete thermal ex-
pansion coefficient o [pe/°C], but also on the geometry of the
considered structural element, and the temperature distribution in
the structural element. Specifically, for a uniform temperature dis-
tribution and a structural element of length L, parameter «,, can be
calculated as:

oy = e+ L (A.2)

* m [mm/year] is the variation trend over time, which is the object
of the estimation. It is the gradient of the linear model with respect
to time. It expresses the linear trend over time of y(t) purged from
temperature effects, and includes all long-term effects.

* 2; is the residual, i.e. the difference between the statistically inde-
pendent observation y; and the nominal value of the model.

* t; is the timestamp;

e T; is the temperature measurement.

A.4 Monitoring capacity

For the sake of simplicity, let us assume that the manager does not
have any prior knowledge of the value of the key state parameter m,
so that 0,,, — o0. Then, we can refer to the simplified version of the
formulation proposed in Chapter 8 for the calculation of the pre-posterior
uncertainty of the displacement trend parameter 0, pp:

287



Valeria Caspani - Advancing Bridge Health Monitoring through Satellite InSAR and
Performance-Based System Design

1 1

At 1—pir

Om,pp = OLH * (A.3)

In order to calculate o, pp, we must evaluate the following quantities
for each considered solution:

(1) the likelihood uncertainty oy, depending on measurements and
model uncertainty;

(2) the time-dependent term 1/|At|, depending on the sampling fre-
quency fs;

(3) the time-temperature correlation term 1/4/1 — p2., depending on
a simulated temperature function 7.

A.4.1 Likelihood uncertainty evaluation

The likelihood uncertainty oy g can be estimated using the following
Equation:

OLH = \/Jg + 042 ' 0% + Ur2nodel (A'4)

where:

* OUmodel 18 the model uncertainty;

* 0, is the uncertainty of the displacement measurements;
* o is the uncertainty of the temperature measurements;
* «y, is the thermal component of the displacement.

The model uncertainty can be assumed to be oyo4e1 = 1 mm, refer-
ring to previous literature case studies [4].

The measurement uncertainty for the topographic monitoring system
is assumed to be o, = 1 mm, based on the measurement error reported
in the datasheets of the latest-generation commercial total station instru-
mentation [2].

The evaluation of measurement uncertainty when using SAR satellite
technology is less straightforward. Several studies in the literature have
estimated the accuracy of SAR-derived displacement measurements by
comparison with measurements collected in controlled field tests, as well
as with measurements collected on real bridges under operating condi-
tions (see Section 3.4). For high-resolution X-band SAR sensors, the
standard deviation between SAR measurements and on-site measure-
ments has been reported to range from less than 1 mm up to approxi-
mately 3 mm.
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It is important to note that assuming these values as the SAR sensor’s
accuracy relies on the implicit assumption that on-site measurements
represent the true displacement of the structure; however, this assump-
tion is not necessarily valid. Furthermore, the accuracy of satellite-based
displacement measurements strongly depends on the direction of the dis-
placement. Indeed, SAR satellites measure displacements of PS along
the LoS, whereas real structural displacements generally occur along
multiple directions. In the ideal case, where structural displacements
occur only along a single known direction, the displacement can be ob-
tained by projecting the LoS measurements onto that direction, and the
measurement accuracy corresponds to the accuracy of the SAR sensor.

In real-world scenarios, however, structural displacements often have
components along different directions. In such cases, multiple acquisi-
tion geometries must be combined to retrieve the individual displacement
components. This combination introduces additional sources of uncer-
tainty related to the temporal and spatial resampling of PS. Giordano et
al. [5] investigated the magnitude of these errors as a function of the
selected grid layout.

In the present discussion, it is assumed that only a single acquisition
geometry is employed in order to limit the uncertainty in displacement
measurements, and that the direction of the dominant displacement com-
ponent is known (e.g., vertical displacements only). Based on these as-
sumptions, the displacement measurement uncertainty for SAR satellite
sensors is set to o, = 2 mm, consistent with the typical error range
reported for X-band SAR sensors when displacement measurements are
extracted using MT-InSAR processing applied to long image time-series
(more than 20 acquisitions) [6].

The measurement uncertainty for the temperature sensors is assumed
to be or = 0.2 °C, based on the measurement error reported in the
datasheets of high-precision commercial thermometers [7]. Values of «,
for structural elements with varying length ranging from 1 m to 100 m
are calculated in Table A.1, assuming that the thermal expansion coef-
ficient of concrete is o = 10 pe/°C. Then, the values of the thermal
component of the likelihood uncertainty are calculated, based on the val-
ues of o, and o7.

Table A.1: Thermal component of the likelihood uncertainty

Measured quantity

L [m] ay [mm/°C)| or[°C] a? - 0% [mm?]

Structural element elongation (Simple support span 1100 0.01+1 0.2 4-1076+4-1072
elongation; cantilever elongation; pier elongation)

Finally, Table A.2 reports the calculated values of the likelihood un-
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certainty for the two considered monitoring solutions.

Table A.2: Likelihood uncertainty.

Technology oy [mm?] a? - o2 [mm?] 02 el Imm?] o1y [mm]
Topographic system 1 4-1075+4-1072 1 1.42
SAR satellite sensors 4 41076 +4.1072 1 2.24

As visible from Table A.2, the thermal contribution of the likelihood
uncertainty is negligible compared to the other components. In fact, the
thermal contribution is on the order of 10~2 = 105 mm, whereas the

other terms (values of o7 and 072, ) are on the order of 10° < 10" mm.

A.4.2 Acquisition frequency evaluation

The minimum sampling frequency for each of the two considered
monitoring technologies is evaluated as follows:

* The topographic system acquires multiple measurements per day
for each prism. However, to account for and purge the effects
of daily temperature variations, only one measurement per day is
considered as the effective sampling frequency. Therefore, for the
topographic system, 1/ f; = 1 day.

* The sampling frequency of SAR measurements is determined by
the revisit time of the satellite over the bridge area. In this study,
we consider datasets from the COSMO-SkyMed mission, which
has a revisit time of approximately 16 days for the same area. Con-
sequently, for the SAR solution, 1/fs = 16 days.

A.4.3 Simulated temperature evaluation

The expected seasonal temperature variation can be simulated as a
sine function 7", defined as Equation A.5:

P
T; = a- sin (Wti—i—b> L i=1,2,3,..., N (A.5)
T

In order to represent two different start dates of the monitoring, we
set two cases of the phase-parameter: b = 7/2 and b = 0. In the first
case, the monitoring period starts when the seasonal temperature reaches
approximately its maximum stationarity point (during the summer sea-
son); in the second case, it starts in proximity to its point of inflection
(during the spring season).

A.4.4 Pre-posterior uncertainty evaluation
As a result, the pre-posterior uncertainty of the displacement trend

parameter 0., pp obtained using the two different monitoring solutions
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can be estimated and compared. Figure A.1 presents oy, pp, as a function
of the monitoring duration, t;,;, for both technologies, along with the
target values 0, (shown in magenta) and 0, suice (Shown in red). The
upper horizontal axis indicates the number of SAR images corresponding
to each monitoring duration t;.¢, based on the satellite revisit time of 16
days.

SAR image number
20 40 60 80 100 120 140 160 180
T

T T T T T T

T
Topographic system
Um,pp opographic systel

- == SAR sensor
m.pp

500 1000 1500 2000 2500
(a) monitoring duration tor [days]
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Figure A.1: Expected uncertainty oy, ,, of the linear-trend parameter m estimated in the design
phase. Phase parameter b is set as (a) b = 0 and (b) b = 7 /2. The monitoring duration t;,; varies
from 3 to 2920 days (8 years).

A.5 Discussion of results

By examining Figure A.1, it can be observed that, in all cases, after a
sufficiently long monitoring period, the pre-posterior uncertainty o, pp
becomes lower than both the standard demand &, (shown in magenta)
and the stricter demand 0, suicc (Shown in red). Consequently, both tech-
nologies can be considered suitable monitoring solutions for this mon-
itoring design problem. However, their performance clearly differs in
terms of the monitoring duration required to achieve pre-posterior un-
certainty values below the prescribed demand. Table A.3 reports the
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required monitoring durations as a function of the selected technology
and the monitoring start date, represented by the phase parameter b.

Table A.3: Monitoring durations necessary to have the pre-posterior un-
certainty lower than the design target.

Demand: 5,, = 1 mm/year
Technology b=0 b=m/2
Topographic system 160 days 251 days
SAR satellite sensors 480 days 480 days

Demand: 7, = 0.1 mm/year
Technology b=0 b=m/2
Topographic system 725 days 690 days
SAR satellite sensors 2320 days 2320 days

The topographic system is characterized by higher accuracy and a
higher sampling frequency. As a result, it consistently satisfies the mon-
itoring demand within a shorter monitoring duration compared to the
SAR sensor technology. Specifically, for 7, = 1 mm/year, the de-
mand is met within 8 months of monitoring when using the topographic
system, whereas it requires one year and four months when using SAR
sensors. Conversely, for ,,, = 0.1 mm/year, the demand is achieved
within two years of monitoring with the topographic system and within
six years and a half with SAR sensors.

The SAR sensor technology demonstrates good performance for mod-
erately strict monitoring demands, as it requires only about twice the
monitoring duration needed by the topographic system to meet the de-
sign requirements in the first case (,,, = 1 mm/year). However, its
performance is less satisfactory for very strict monitoring demands, such
as in the second case (7,,, = 0.1 mm/year), where SAR sensors require
more than three times the monitoring duration needed by the topographic
system to satisfy the requirement.

Finally, the costs associated with each monitoring solution can be
considered.

For the cost of the topographic system solution, reference can be
made to the recent tender notice published by the highway concession-
aire Autostrada del Brennero SpA for the supply and installation of mon-
itoring systems for highway bridges and viaducts [8]. Specifically, the
indicated price for a high-precision automatic total station is €56,352.70
(including supply and installation), while the cost of an optical prism is
€117.07 (including supply and installation).

For a multi-span bridge with moderate total length (e.g. 0.5-1 km),
multiple total stations are typically installed to be able to survey the en-
tire structure—for example, one total station covering the southern part of
the bridge and another covering the northern part. The required number
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depends on factors such as the measurement range of the total stations,
the presence of obstacles, and the distance between the bridge and the
installation locations.

For an indicative cost estimate, a configuration consisting of two total
stations and 100 optical prisms is assumed, consistent with the layout
adopted for the Colle Isarco viaduct. Moreover, for the sake of simplicity
in this discussion, the costs of additional system components—such as the
UPS system, electrical power supply, industrial PC, and shelter—are not
considered. As aresult, the total cost of this monitoring solution amounts
to €124,412.40.

The cost of a single high-resolution satellite image can range from a
few hundred to several thousand euros, depending on the product type,
sensor, and image size. Specifically, COSMO-SkyMed Stripmap im-
ages are provided free of charge for research purposes and are priced
at €300.00 per image for commercial use [9]. As a result, the cost of
a satellite-based monitoring solution depends on the number of images
purchased, and therefore on both the monitoring duration and the acqui-
sition frequency.

For the investigated monitoring solution, assuming an acquisition
frequency of 16 days, the number of images required to cover the mon-
itoring durations of 480 days and 2320 days reported in Table A.3 is 30
images (€9,000.00) and 145 images (€43,500.00), respectively.

The costs associated with each investigated monitoring solution, for
the different monitoring durations required to meet the design require-
ments (see Table A.3), are summarized in Table A .4.

Table A.4: Monitoring costs related to different monitoring solutions.

Demand: 7,, = 1 mm/year

Technology b=0 b=m/2

Topographic system 124,412.40€ (160 days) 124,412.40€ (251 days)

SAR satellite sensors 9000.00€ (480 days) 9000.00€ (480 days)
Demand: G,, = 0.1 mm/year

Technology b=0 b=m/2

Topographic system 124,412.40€ (725 days) 124,412.40€ (690 days)

SAR satellite sensors 43,500.00€ (2320 days) 43,500.00€ (2320 days)

The SAR monitoring solution is consistently more cost-effective than
the topographic monitoring solution. This is particularly evident for
short monitoring periods, for which the cost of SAR satellite monitoring
is less than 10% of that of the topographic system solution. At this point,
having completed the performance and cost analyses and gathered all
the necessary information, the monitoring system designer can present
the results obtained for the two monitoring solutions to the infrastruc-
ture manager, thereby enabling an informed decision on the design of
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the long-term displacement monitoring system.

Regarding the cost-effectiveness of the SAR monitoring solution, a
few more observations can be made.

First, the SAR solution can become even more economically advan-
tageous when multiple bridges are monitored using a single set of im-
ages. Different types of SAR images cover different area swaths. Specif-
ically, COSMO-SkyMed images acquired in Stripmap HIMAGE mode
cover areas of approximately 40 x 40 km, with the exact footprint loca-
tion and orientation depending on the satellite orbit. Owing to the con-
siderable width of SAR image swaths, it is not uncommon for a single
image to capture more than one bridge.

Second, it should be noted that the prices for SAR satellite images
reported in Table A.4 refer to archive imagery. If new, custom, or timely
acquisitions are required, the costs reported in Table A.4 may no longer
apply. As a result, SAR monitoring does not inherently allow for real-
time monitoring of the structure, unlike on-site monitoring systems. SAR
monitoring is affected by the time lag between image acquisition and the
availability of the imagery to users. This time frame depends on the
specific satellite mission; for the COSMO-SkyMed mission, imagery is
classified as archive and made available up to a maximum of 30 days
after acquisition [9].

Finally, an important observation concerns the impact of the sam-
pling frequency and the total monitoring period on the performance of
the SAR-based monitoring solution. When a complete archive of satel-
lite images is available from the satellite launch onward (e.g., for COSMO-
SkyMed, from approximately 2007 for the first generation and from 2019
for the second generation), it is in principle possible to exploit the long
temporal extent of the archive to achieve improved accuracy at reduced
costs. This could theoretically be accomplished by selecting a more
temporally sparse dataset, consisting of a limited number of images dis-
tributed over a longer observation period. Indeed, as discussed in Chap-
ter 8, the formulation adopted for estimating monitoring performance is
more sensitive to the total monitoring duration than to the sampling fre-
quency. From a purely theoretical standpoint, this would suggest that a
longer observation window with fewer acquisitions could be sufficient to
achieve the desired performance.

In practice, however, this approach is often not feasible due to techni-
cal constraints associated with MT-InSAR processing. In particular, the
revisit time is a key factor governing the quality and reliability of MT-
InSAR results. Large temporal gaps or excessively long revisit intervals
can lead to temporal and spatial decorrelation effects, which in turn re-
duce the number of detectable PS, degrade the accuracy of the displace-
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ment time-series, and lower the overall temporal coherence of the mea-
surements. As a result, despite the theoretical advantages of long-term
archives, practical MT-InSAR applications require sufficiently dense and
regular acquisition sequences to ensure robust displacement estimates.
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