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Abstract

A signi�cant part of the existing building stock in Europe has been designed
without modern seismic considerations and is, in the meantime, exceeding
its design life-span. Even in sites of moderate seismicity, earthquakes bear
large loss potential, driven by low-probability but high-impact events. Re-
ducing seismic risk remains a major scienti�c frontier and reliable estimation
of building vulnerability prior to and in the direct aftermath of earthquakes
is a fundamental step towards quantifying and, eventually, reducing seismic
risk. Structural Health Monitoring (SHM) o�ers tools to leverage measure-
ment data to accelerate evaluations and reduce the uncertainty pertaining to
engineering models. Despite recent advances in sensor technology and com-
putational capabilities, SHM retains unexploited potential and is often lim-
ited to the research domain. This is mainly attributed to missing guidelines
and standardized frameworks for e�cient treatment and robust interpreta-
tion of monitoring data, as well as to the limited amount of recordings from
real buildings. This thesis aims to provide practical techniques to support
the seismic evaluation of existing buildings with monitoring data, as well as
to develop robust post-earthquake damage indicators.

A �rst step towards this goal consists in collecting data from real build-
ings with higher amplitudes than ambient vibrations and in di�erent damage
states. To facilitate and formalize data collection, a framework for monitoring
unreinforced masonry (URM) buildings prior to and during planned demoli-
tions is proposed. URM buildings comprise a signi�cant part of the existing
building stock in Europe, one that is particularly vulnerable to earthquakes.
Vibration-based monitoring in operating buildings is hindered by accessibility
issues and is limited to low-amplitude ambient vibration measurements. De-
molitions of URM buildings are conducted progressively with an excavation
shovel, providing a cost-e�cient way to collect vibrational data. Studying
the dynamic response at various amplitude levels in the commonly assumed
linear-elastic regime exposed reversible sti�ness reduction, which a�ects the
predicted seismic performance and is mainly attributed to \breathing" cracks
in masonry. Based on monitoring recordings from nine URM buildings un-
dergoing demolition, a Bayesian model-updating framework is proposed and
implemented, demonstrating a signi�cant reduction in uncertainties related
to predicted seismic performance. This enables the direct comparison of mul-
tiple buildings featuring either similar or di�erent structural characteristics.
Furthermore, by extrapolating the information extracted from monitored
buildings that are representative of a broader typological class, provides the
means to dynamically update vulnerability and risk maps at regional scale.

Clustering together buildings featuring similar seismic performance is em-



inent, to de�ne representative buildings at regional scale, thus paving the
way to data-informed regional post-earthquake loss assessment. Therefore,
damage-sensitive features (DSFs) derived from vibrations are used to quan-
tify the damaging impact of ground motions. An extensive set of DSFs
computed on low-amplitude response prior to and directly after earthquakes
is evaluated in terms of damage-prediction accuracy. The predictive per-
formance of fragility functions involving individual DSFs is compared with
Engineering Demand Parameters (EDPs) and intensity Metrics (IMs). DSFs
are shown to outperform peak ground acceleration, which is a typical IM
and is currently used in regional risk and damage assessment. Gradient-
boosted decision trees and convolutional neural networks are deployed to
fuse multiple DSFs into robust damage classi�ers. Owing to the uncertain-
ties arising when simulating nonlinear building responses to earthquakes, a
domain adaptation framework is proposed and enables successful transfer of
the knowledge obtained from physics-based simulation models to real data.
While such techniques are very promising when applied to available data,
long-term monitoring application are undermined by the limited life-cycle of
sensors compared to the monitored structures.

To alleviate this issue, timely identi�cation of sensor faults and robust
characterization of their origin are required. A semi-supervised framework
for sensor fault detection is combined with an approach to interpret black-box
model predictions, on the basis of the herein proposed \decision trajectories".
Additionally, a measure of correlation, namely the Decision Trajectory As-
surance Criterion (DTAC), which enables the characterization of new fault
types and the automatic classi�cation of anomalies to known fault classes.
The framework is designed to be independent of structure-speci�c character-
istics and the type, amount, and locations of sensors used, providing an easy
to train, project-agnostic tool, which can be seamlessly integrated into the
pre-processing part of many SHM applications.

This thesis contributes to seismic vulnerability assessment, by confronting
the main challenges that currently limit the broad application of vibration-
based SHM for data-driven enhancement of seismic evaluation before and
after earthquakes. Extensive monitoring data from real structures has been
acquired during demolitions and used to validate the proposed frameworks,
together with benchmark monitoring data from long-term monitored struc-
tures and a large-scale shake-table test. Thorough comparisons with the state
of practice have been conducted to quantify the bene�t of data-informed
engineering solutions. Overall, the outcome of this work sheds light on the
practical value of integrating SHM in seismic evaluation, towards SHM-based
vulnerability assessment, and provides a baseline for the broad establishment
of vibration-based SHM as a valid tool in the engineering community.



Zusammenfassung

Ein betr�achtlicher Teil des bestehenden Geb�audebestands in Europa wurde
ohne moderne seismische �Uberlegungen entworfen und �uberschreitet inzwis-
chen seine geplante Lebensdauer. Selbst an Standorten mit m�a�iger Seis-
mizit�at bergen Erdbeben ein gro�es Schadenspotenzial, das von Ereignissen
mit geringer Wahrscheinlichkeit, aber hoher Auswirkung ausgeht. Die Ver-
ringerung des Erdbebenrisikos ist nach wie vor eine wichtige wissenschaftliche
Aufgabe, und eine zuverl�assige Einsch�atzung der Anf�alligkeit von Geb�auden
vor und unmittelbar nach einem Erdbeben ist ein grundlegender Schritt zur
Quanti�zierung und schlie�lich zur Verringerung des Erdbebenrisikos. Das
Structural Health Monitoring (SHM) bietet Instrumente zur Nutzung von
Messdaten, um die Bewertungen zu beschleunigen und die Unsicherheiten
in den Berechnungsmodellen zu verringern. Trotz der j�ungsten Fortschritte
in der Sensortechnologie und bei den Rechenkapazit�aten bleibt das Poten-
zial des SHM ungenutzt und ist oft auf den Forschungsbereich beschr�ankt.
Dies ist vor allem auf fehlende Richtlinien und standardisierte Rahmenbe-
dingungen f�ur eine e�ziente Verarbeitung und robuste Interpretation von
�Uberwachungsdaten sowie auf die begrenzte Anzahl von Aufzeichnungen aus
realen Geb�auden zur�uckzuf�uhren. Ziel dieser Arbeit ist es, praktische Tech-
niken zur Unterst�utzung der seismischen Bewertung bestehender Geb�aude
anhand von Monitoringdaten bereitzustellen und robuste Indikatoren f�ur
Sch�aden nach Erdbeben zu entwickeln.

Ein erster Schritt zur Erreichung dieses Ziels besteht darin, Daten von
realen Geb�auden mit h�oheren Amplituden als den Umgebungsschwingungen
und in verschiedenen Schadenszust�anden zu sammeln. Um die Datenerfas-
sung zu erleichtern und zu formalisieren, wird ein Rahmen f�ur die �Uberwachung
von Geb�auden aus unbewehrtem Mauerwerk (URM) vor und w�ahrend eines
geplanten Abrisses vorgeschlagen. URM-Geb�aude machen einen bedeuten-
den Teil des Geb�audebestands in Europa aus, der besonders erdbebengef�ahrdet
ist. Die schwingungsbasierte �Uberwachung von in Betrieb be�ndlichen Geb�auden
wird durch Probleme mit der Zug�anglichkeit behindert und ist auf Mes-
sungen von Umgebungsschwingungen mit geringer Amplitude beschr�ankt.
Abbr�uche von URM-Geb�auden werden schrittweise mit einer Baggerschaufel
durchgef�uhrt, was eine kostene�ziente Methode zur Erfassung von Schwingungs-
daten darstellt. Bei der Untersuchung der dynamischen Reaktion bei ver-
schiedenen Amplitudenniveaus im allgemein angenommenen linear-elastischen
Regime wurde eine reversible Stei�gkeitsreduzierung festgestellt, die sich auf
die vorhergesagte seismische Leistung auswirkt und haupts�achlich auf \at-
mende" Risse im Mauerwerk zur�uckzuf�uhren ist. Auf der Grundlage von
�Uberwachungsaufzeichnungen von neun URM-Geb�auden, die abgerissen wer-



den, wird ein Bayes’sches Modell zur Aktualisierung vorgeschlagen und im-
plementiert, das eine signi�kante Verringerung der Unsicherheiten in Bezug
auf das vorhergesagte seismische Verhalten zeigt. Dies erm�oglicht den direk-
ten Vergleich mehrerer Geb�aude, die entweder �ahnliche oder unterschiedliche
strukturelle Merkmale aufweisen. Durch die Extrapolation der Informatio-
nen von �uberwachten Geb�auden, die f�ur eine breitere typologische Klasse
repr�asentativ sind, k�onnen au�erdem Anf�alligkeits- und Risikokarten auf re-
gionaler Ebene dynamisch aktualisiert werden.

Die Gruppierung von Geb�auden mit �ahnlichen seismischen Eigenschaften
ist von gro�er Bedeutung, um repr�asentative Geb�aude auf regionaler Ebene
zu de�nieren und so den Weg f�ur eine datengest�utzte regionale Schadens-
bewertung nach einem Erdbeben zu ebnen. Daher werden aus Schwingun-
gen abgeleitete schadensemp�ndliche Merkmale (damage-sensitive features,
DSFs) zur Quanti�zierung der sch�adigenden Auswirkungen von Bodenbewe-
gungen verwendet. Ein umfangreicher Satz von DSFs, die aus niedrigen Am-
plituden vor und direkt nach Erdbeben berechnet wurden, wird im Hinblick
auf die Genauigkeit der Schadensvorhersage bewertet. Die Vorhersageleis-
tung von Fragilit�atsfunktionen mit einzelnen DSFs wird mit Engineering
Demand Parameters (EDPs) und Intensit�atsmetriken (IMs) verglichen. Es
wird gezeigt, dass DSFs die Spitzenbodenbeschleunigung �ubertre�en, die eine
typische IM ist und derzeit in der regionalen Risiko- und Schadensbewertung
verwendet wird. Gradient-boosted Entscheidungsb�aume und neuronale Fal-
tungsnetzwerke werden eingesetzt, um mehrere DSFs zu robusten Schaden-
sklassi�zierern zu verschmelzen. Aufgrund der Unsicherheiten, die bei der
Simulation nichtlinearer Geb�audereaktionen auf Erdbeben auftreten, wird
ein Rahmen f�ur die Dom�anenanpassung vorgeschlagen, der eine erfolgreiche
�Ubertragung des aus physikalisch basierten Simulationsmodellen gewonnenen
Wissens auf reale Daten erm�oglicht. W�ahrend solche Techniken sehr vielver-
sprechend sind, wenn sie auf verf�ugbare Daten angewandt werden, werden
langfristige �Uberwachungsanwendungen durch die begrenzte Lebensdauer der
Sensoren im Vergleich zu den �uberwachten Strukturen untergraben.

Um dieses Problem zu entsch�arfen, sind eine rechtzeitige Identi�zierung
von Sensorfehlern und eine robuste Charakterisierung ihres Ursprungs er-
forderlich. Ein halb-�uberwachtes Rahmenwerk f�ur die Erkennung von Sensor-
fehlern wird mit einem Ansatz zur Interpretation von Black-Box-Modellvorhersagen
auf der Grundlage der hier vorgeschlagenen \Entscheidungstrajektorien" kom-
biniert. Zus�atzlich wird ein Korrelationsma�, n�amlich das Decision Tra-
jectory Assurance Criterion (DTAC), entwickelt, das die Charakterisierung
neuer Fehlertypen und die automatische Klassi�zierung von Anomalien in
bekannte Fehlerklassen erm�oglicht. Das Framework ist so konzipiert, dass es
unabh�angig von struktur-spezi�schen Merkmalen und der Art, Menge und



Lage der verwendeten Sensoren ist und ein einfach zu trainierendes, pro-
jektunabh�angiges Werkzeug darstellt, das nahtlos in den Pre-Processing-Teil
vieler SHM-Anwendungen integriert werden kann.

Diese Arbeit leistet einen Beitrag zur Bewertung der seismischen Gef�ahrdung,
indem sie sich mit den wichtigsten Herausforderungen auseinandersetzt, die
derzeit die breite Anwendung von schwingungsbasiertem SHM zur datenges-
teuerten Verbesserung der seismischen Bewertung vor und nach Erdbeben
einschr�anken. Umfassende �Uberwachungsdaten von realen Bauwerken wur-
den w�ahrend des Abbruchs erfasst und zur Validierung der vorgeschlagenen
Rahmenwerke verwendet, zusammen mit Benchmark-�Uberwachungsdaten von
langfristig �uberwachten Bauwerken und einem gro� angelegten Shake-Table-
Test. Gr�undliche Vergleiche mit dem Stand der Technik wurden durchgef�uhrt,
um den Nutzen von datengest�utzten technischen L�osungen zu quanti�zieren.
Insgesamt beleuchten die Ergebnisse dieser Arbeit den praktischen Wert der
Integration von SHM in die seismische Bewertung, die auf SHM basierende
Schwachstellenbewertung und bieten eine Grundlage f�ur die breite Etablierung
von schwingungsbasiertem SHM als g�ultiges Instrument in der Ingenieurge-
meinschaft.
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1. Motivation and Problem Statement

Modern Seismic design and evaluation codes have substantially contributed
to the mitigation of seismic risk. By adopting performance-based approaches
that focus on life-safety, while tolerating structural damage, post-earthquake
assessment becomes critical for the safe operation of civil structures. The
current state of practice relies on expert-conducted visual inspections that,
despite being standardized and up to a certain level automatized [1], remain
inevitably subjective [2] and are typically limited to the visible and accessible
parts of the structures, while they require signi�cant time for the inspection
of large building stocks. This results in massive accommodation problems
for the displaced population and extended business downtime that can last
weeks or even months. To this end, rapid and reliable assessment of the
damage state of individual buildings, as well as e�cient visualization of the
damage distribution at regional scale, are the keys to improving earthquake-
resilience.

Powered by current advances in sensing technology, it is now possible to
adopt low-cost instrumentation, deployed in relatively dense networks, for
the monitoring of built infrastructure. Structural Health Monitoring (SHM)
[3] allows to interpret measurements of structural response, acquired in di-
verse forms, such as strains, accelerations or displacement signals into actual
information on structural condition. Growing interest in SHM has been trig-
gered by the aging of the building stock, the need for more reliable and
cost-e�ective structural evaluations, and the increasing frequency of natural
disasters. Furthermore, the global political shift towards the Sustainable De-
velopment Goals (SDGs)[4] is an important accelerator for the development
and broad deployment of SHM solutions. Despite recent advances in sensor
technology and computational capabilities, SHM remains often limited to
the research domain and thus, presents a large potential that remains to be
exploited in practical applications. Missing guidelines and practical frame-
works for e�cient treatment and robust interpretation of the monitoring data
are identi�ed as main contributors that undermine a breakthrough of SHM
into engineering practice. The successful deployment of arti�cial intelligence
(AI) in numerous data-intensive applications brought new promising tools
that may address previously unsolved challenges. However, such techniques
require extensive datasets that cover multiple structural states in order to
enable successful training and validation. Due to the absence of end-to-
end frameworks for data interpretation, permanent monitoring applications
remain very limited to date, while the collected data are kept con�dential
in most cases. As a result, the research community relies on simulations
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and limited benchmark experiments to o�set the lack of complete empiri-
cal datasets. Although undoubtedly useful, the validity of these sources in
representing the structural behavior of real structures is often questionable.

"Nobody trusts simulations except from the one who devel-
oped the model and everybody trusts experimental results ex-
cept from the one who conducted the experiments."

An ETH Professor, 2014

To overcome this trust deadlock, SHM tools need to be validated based on
recordings from real structures. This thesis comprises practical data-driven
techniques to support the seismic evaluation of existing buildings, as well
as to provide robust damage indicators in the aftermath of strong ground
motions. Prior to earthquakes, monitoring data is used to calibrate engi-
neering models and reduce uncertainties in seismic evaluation. Additionally,
healthy data from the structure are combined with simulations in order to
train a domain adaptation network that is able to reliably identify damage
after earthquakes. Finally, unsupervised learning is deployed to timely de-
tect sensor failures and interpretable AI is engaged to better understand and
classify sensor failures. Monitoring data from real structures undergoing de-
molition has been used to validate the proposed frameworks and detailed
comparisons with the state of practice have been conducted to quantify the
practical bene�t of data-aided engineering solutions.

1.1 Earthquakes - a global threat

At the core of this thesis, lies the intention to deliver structures and infras-
tructures that are earthquake resilient. One third of the world’s population
is exposed to signi�cant earthquake risk, a number that has almost doubled
over the past 40 years [5]. Out of the ten largest natural disasters in the
last 20 years, �ve have been earthquakes that killed nearly 700,000 people.
A signi�cant part of the existing building stock in Europe has been designed
without modern seismic considerations and is, in the meantime, exceeding
its design life-span. At the same time, the critical tectonic situation, com-
bined with dense population and the high value of the built assets, makes
Europe a global hot spot for increased seismic risk. More than a hundred and
seventy million people in Europe, almost a quarter of the total population,
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are exposed to a signi�cant earthquake hazard [5]. Earthquakes also dom-
inate the risk pro�le of many critical facilities in Europe, including process
industry (chemical) facilities, hospitals, bridges, railways, hydropower, and
nuclear power plants. Recent catastrophes, such as the complex 2016/2017
central Italy earthquake sequence, claimed hundreds of casualties and over
CHF 10 billion of direct and indirect economic losses. These recent catastro-
phes demonstrate the need to maximize our e�orts to increase the resilience
of our society in response to strong ground motions that are possible to strike
in the next decades.

Even in sites of moderate seismicity, such as Switzerland, earthquakes
comprise the natural hazard with the highest loss potential, driven by low
probability but high impact events that could generate losses of over CHF 100
billion [6, 7]. According to the 2015 Risk Report published by the Swiss Fed-
eral O�ce for Civil Protection (FOCP), earthquakes pose the third largest
risk faced by Switzerland, after electricity shortages and pandemics. Despite
decades of seismological research, the fundamental physical and geomechan-
ical processes that cause earthquakes and their complex interactions are not
su�ciently understood and cannot be modeled with precision. As a result,
to date, it is still impossible to predict the time and location of the next
seismic strike. Structural and geotechnical engineers still fail to accurately
predict the degree of damage that buildings experience due to strong ground
motions, especially with regard to historic structures that were not designed
according to current, if any, seismic standards. While the prediction of av-
erage losses at regional scale still remains highly uncertain [8], predicting
su�ciently accurately and reliably the seismic behavior of individual build-
ings at a reasonable computational e�ort comprises the holy grail in seismic
engineering [9].

1.2 Uncertainty in building-vulnerability assessment

Because of these inherent limitations in accurately predicting the occurrence
of earthquakes and the vulnerability of individual buildings, appropriate and
well-enforced building codes, as well as retro�tting, remain the backbone of
reducing the seismis risk. To this end, knowing and quantifying seismic risk
is a key requirement. Switzerland is currently investing signi�cant resources
to develop the �rst national earthquake risk model (ERM-CH: Swiss Risk
Model), while a similar model is pursued at the European level, as part of
the European Research Project SERA (www.sera-eu.org). To this end, the
United Nations endorsed the Sendai Framework for Disaster Risk Reduction
(SFDRR) 2015-2030, which addresses speci�c targets and actions to reduce

12
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Figure 1.1: Schematic illustration of the components of the seismic risk as-
sessment [15].

the direct economic loss, the number of people a�ected and damage to critical
infrastructure due to disasters [10].

Figure 1.1 illustrates the key components of the assessment of earthquake
risk, whose estimation requires the collaboration of multiple disciplines, rang-
ing from earth scientists and seismologists to geotechnical and structural en-
gineers. The validity of the risk prediction depends on the quality of each
element of this chain. Although signi�cant e�ort is put into the re�nement
of the exposure model [11, 12, 13], the estimation of the vulnerability of
buildings on the regional scale is based on strong simpli�cations intended to
encapsulate the seismic response of a wide range of structural con�gurations
in single degree of freedom (SDOF) formulations [14]. Since such methods
are typically evaluated based on historical data of average annual losses at
the regional scale, their inherent bias and uncertainties undermine the robust
estimation of seismic risk for individual buildings [8].

In regions with moderate seismic hazard, existing structures may not be
designed according to modern, if any, seismic standards, thus exposing the
built environment to the risk of human and �nancial toll in the event of
damaging earthquakes. Masonry buildings, which dominate the landscape of
European buildings [16, 17], are characterized by increased seismic vulnera-
bility [18, 19]. Furthermore, when only limited data are available to inform
heuristic vulnerability predictions, a model-based approach is required to
predict earthquake risk. However, it is �nancially and technically infeasible
to systematically assess building-speci�c risk, while multiple sources of un-
certainty, related to structural, soil, and foundation properties, undermine
e�orts to typologically cluster buildings in a generic manner.

Reducing earthquake risk remains a major scienti�c frontier and o�ers a
great opportunity to solve a high-gain, high-pro�le scienti�c and engineering
problem, one that is furthermore highly relevant to society. To this end,
reliable estimation of the building vulnerability, as well as rapid evaluation
of the building damage state in the aftermath of strong ground motions
comprise major objectives.
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1.3 Vision

Recent advances in scienti�c understanding, increased computational capa-
bilities, and emerging sensor technologies o�er enticing opportunities to im-
prove global earthquake resilience. SHM allows for the interpretation of mea-
surements of structural response, acquired in various forms, such as strains,
accelerations, and displacement signals, into actual information on structural
condition. To date, the active implementation of SHM systems for damage
evaluation in the direct aftermath of earthquakes o�ers a large potential that
is still to be fully exploited outside the research domain. Instead, the current
monitoring paradigm is based on visual inspections. Although valuable, the
quality of visual assessment is tightly linked to the quali�cation and the level
of expertise of the engineer carrying it out. In this sense, the outcome of
visual inspection is inevitably subjective and biased, depending on the ex-
perience of the inspectors, while also being constrained to rather long time
intervals between inspections, considering the very limited human resources
and the necessary precautions that should be taken. Additionally, possible
damage that is not easily discernible, due to secondary elements, furniture
or adjacent buildings, but has in
uenced the condition of the system remains
undiscovered, prompting erroneous tagging of the inspected structures.

Among the possible monitoring options, a vibration-based solution o�ers
the most promising perspective for system identi�cation and detection of po-
tential damage under earthquake loads. The vibrational characteristics of
structures relate to the distribution of sti�ness and mass along the struc-
ture and thus enable monitoring the global structural condition, exposing
potential damage in distant locations from the sensors. Provided su�cient
dense instrumentation is available, features computed on the basis of vibra-
tional recordings are proven sensitive to minor levels of damage that can be
challenging to identify through visual inspection [20], while being dangerous
to ignore. Condition monitoring through vibrational sensor data is broadly
deployed in the automobile, aerospace, and industrial machinery sectors. Al-
though the construction industry - due to the drastic human and �nancial
consequences of bad decision-making - is arguably slow to integrate new tech-
nologies [21], the rapid establishment of building information modeling (BIM)
demonstrates the undeniable bene�ts of formalizing the use of data to unlock
optimal structure maintenance management. To this end, dynamic response
recordings could be exploited to reduce uncertainties by structural evalua-
tion, as well as to track the structural degradation of individual buildings.
Furthermore, considering that each individual building usually represents a
broader typological class, SHM-based information collected in the aftermath
of strong ground motions could be harvested by authorities, in order to pri-
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oritize inspections and optimize the allocation of rescue forces. Collectively
evaluating monitoring data from representative buildings in a region of in-
terest would enable updating of seismic fragility maps in earthquake-prone
regions.

In the past 20 years, the ease of collecting and utilizing sensor data has
revolutionized multiple technological �elds. Today, the cost of electronics
comprises 40% of the total car costs [22], while mobile phone devices are
packed with an average of 14 sensors, recording data related to motion, loca-
tion, and environmental conditions. Considering the possible impact in terms
of public safety, it is a matter of time until cost-e�cient instrumentation will
be widely deployed, monitoring the structural degradation of built infras-
tructure in almost real time and providing alarms in case of earthquakes, as
well as rapid loss estimation in the aftermath of natural or human-caused
disasters. First-generation Operational Earthquake Forecasting (OEF) tools
are already capable of highlighting periods and regions of increased seismic
risk in the short-term [23, 24, 25], albeit there is an ample margin to reduce
uncertainties and improve the accuracy of the forecasting. Likewise, while an
earthquake ruptures along a fault, distributed sensors and rapid analytical
tools can, in principle, indicate preliminary event information [26] and alert
of the imminent arrival of damaging shaking in almost real time, in a format
readily available to anyone and anything connected to the Internet, greatly
improving the utility of Earthquake Early Warning [27, 28, 29]. In the mo-
ment before the shaking, smart buildings will be informed of the expected
shaking levels and whether gas lines or elevators should be shut o�. Sec-
onds later, data-driven SHM can reveal the existence and extent of damage,
whether emergency interventions are needed, what the likely losses are and
how long it may take to recover from them [30, 31], enabling Rapid Impact
Assessment at unprecedented levels of detail.

For more than 100 years, earthquake engineering has worked in pretty
much the same way: damaging earthquakes could not be predicted before-
hand with any con�dence; after they occurred, it takes weeks to months for
engineers to evaluate the seismic impact and the structural condition of ex-
isting buildings, while seismic aftershocks are highly probable. Considering
that structural evaluations are mainly based on visual assessment, damage
in non-visible or non-accessible elements remains unnoticed, with eminent
consequences on the post-earthquake fragility of inspected structures. By
combining low-cost sensors with intelligent algorithms, in the framework of
continuous monitoring of selected structures, it is possible to detect the level
of nonlinearity reached during a seismic event and to identify the extent of
permanent damage in the aftermath of strong ground motions. Based on
this information, the actual vulnerability of the monitored structures can
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be tracked in near-real time and extrapolated to buildings featuring similar
seismic performance. Additionally, it has been shown that the time since the
last earthquake signi�cantly a�ects the seismic hazard [32, 33], while changes
in the building occupancy during the day or due to seasonal e�ects, and long-
term changes in the building value or function can have a signi�cant impact
on the seismic risk. As a consequence, the seismic risk will soon be appreci-
ated not as a constant but as an evolving value, using sensor data to support
the dynamic evaluation of time-dependent seismic risk. Furthermore, the
long-term risk and recovery assessment will be based on and fed back to the
dynamic risk assessment with the goal of maximizing seismic resilience with
the given amount of resources.

1.4 Challenges

Reliable rapid loss assessment in the aftermath of damaging earthquakes is
essential to reduce downtimes and ensure safe operation of civil structures.
Data-driven SHM and damage detection aim to minimize losses, as well as
to enable proactive and situationally aware recovery planning by deploying
smart tagging of buildings after moderate to strong shaking events. This
objective requires the coupling of novel simulation tools with State of the
Art monitoring methodologies. However, the extraction of damage-sensitive
features (DSFs) from vibrational response still poses challenges, particularly
regarding the higher-level tasks of damage characterization (location, sever-
ity) [34, 35, 36]. Recently, Hwang and Lignos [37] described a framework for
estimating story-based engineering demand parameters (EDPs) in instru-
mented buildings with steel moment-resisting frames. The proposed frame-
work utilizes a wavelet-based damage-sensitive feature and basic geometric
information from buildings to infer the damage state at a given seismic in-
tensity. In practical applications, individual features are sensitive to di�erent
levels of damage, and thus, the combination of multiple DSFs is required to
formulate robust damage indicators. However, there is no straightforward
way to combine di�erent DSFs in a case-agnostic way that would enable
generalization to di�erent structures.

A second challenge is associated with the development of e�cient models
to simulate the dynamic response of buildings and lies in the uncertainties
related to existing structures, for which little to no information is available
about the construction material, or even the geometric dimensions. While in
practical cases engineers typically adopt deterministic assumptions regarding
the uncertain properties, in cases of critical structures engineers perform nu-
merous forward simulations to de�ne the structural condition in a probabilis-
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tic manner. Probabilistic approaches require iterative tasks, for which the
use of highly detailed FE models becomes prohibitive, especially for complex
structural geometries. Although there are even more simpli�ed modeling ap-
proaches, seismic assessment of masonry buildings often relies on equivalent
frame (EF) models [38, 39, 40]. Despite the strongly simpli�ed underlying
hypotheses of EF models [41], the reduced number of mechanical parameters
and relatively small computational burden make them a popular choice in
practical applications [42]. In addition to material properties, which may be
altered by aging and structural interventions, the seismic response of existing
masonry buildings is strongly in
uenced by the sti�ness of the 
oor slabs and
the e�ect of foundation impedance [43, 44, 45, 46]. Measuring the dynamic
behavior of buildings can support the validation of modeling assumptions
and verify the applicability of such simpli�ed methods.

Finally, robust SHM applications rely on the validity of the collected data.
Given that the life-cycle of the sensing hardware is typically much shorter
than the service time of the monitored structures, potential sensor failures
must be identi�ed in a timely manner to prevent false alarms, missing data
during important events, such as earthquakes, and erroneous assessments.
SHM instrumentation may be exposed to harsh environmental conditions,
and thus the validity of measurements can be compromised. The e�ects
of mechanical degradation, electromagnetic interference, and corrosion can
damage the sensors and the acquisition system, leading to corruption of the
recordings. Therefore, regular maintenance of permanent monitoring instal-
lations should be planned and included in the relevant expenses, while sensor
diagnostics should be integrated in the pre-processing part of monitoring al-
gorithms. Robust detection and characterization of sensor faults can increase
trust in SHM predictions and prevent false alarms and data loss.

17



2. Background and State of the Art in
Seismic SHM

In recent decades, Seismic Structural Health Monitoring, also termed as
S2HM, emerged as a multidisciplinary �eld that leverages monitoring data to
improve structural evaluation and support rapid loss assessment tasks after
seismic events [47, 48, 49]. Among a continuously growing list of monitoring
alternatives, vibration-based SHM is widely deployed, as it enables monitor-
ing the global dynamic response at a reasonable instrumentation cost. To this
end, Operational Modal Analysis (OMA) techniques are typically deployed
[50, 51], comprising output-only linear system identi�cation techniques to
extract structural dynamic properties, such as natural frequencies, mode
shapes, and damping ratios, from vibrational response due to non-measured
low-amplitude ambient (e.g., wind) or operational (e.g., tra�c) loading.

This section provides a brief review of the State of the Art in the main
areas of focus of the present thesis, in the context of S2HM. This includes
vibration-based model-updating of buildings and damage identi�cation tech-
niques in the aftermath of seismic activities. Additionally, sensor fault de-
tection and characterization become particularly relevant in long-term mon-
itoring applications, where timely identi�cation of sensor failures is directly
associated with the quality of the collected data and a�ects the outcome of
the evaluation.

2.1 Model-updating

Ideally, the dynamic response of buildings is measured under actual seismic
events [52], or under forced excitation [53, 54]. Various technical and ad-
ministrative complications undermine such controlled shaking experiments
for testing of real structures, with perhaps a primary obstacle lying in the
need to suspend the function of the tested facility and the liability in case
of minor damage to non-structural elements. As a result, output-only modal
identi�cation algorithms [50, 51] for structures that are subjected to ambi-
ent excitation, generated by environmental sources or operational loading,
present a more attractive, if not the only, alternative for dynamic measure-
ments. Ambient vibrations are characterized by an almost 
at frequency
spectrum (white-noise) and very low vibration amplitudes. The use of ambi-
ent vibration monitoring is a popular data source to identify modal properties
that may be used to reduce the parametric uncertainty of structural models
[55, 56, 57, 58]. Furthermore, changes in modal properties have been fused
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with models to assess the e�ciency of seismic retro�ts in existing buildings
[59] and the post-earthquake building capacity [60]. Model-updating based
on ambient vibrations has helped to derive the parameter values that pro-
vide the best �t to the measured data [61], or implementing probabilistic
model-updating approaches [60, 62, 63].

However, methodologies involving ambient vibrations are inevitably lim-
ited to the structural response in the commonly assumed linear elastic range,
which may not be representative of structural behavior under high-amplitude
loads, such as earthquakes [64]. This limitation becomes even more promi-
nent in masonry structures [65] that exhibit nonlinear behavior even at low
excitation levels: the elastic sti�ness is sensitive to excitation amplitude, due
to the e�ect of secondary elements and \breathing" cracks. Furthermore,
the e�ect of the soil-foundation-structure interaction (SFSI), which has been
proven to substantially a�ect the dynamic response of low-rise buildings [44],
cannot be captured by considering only ambient vibration measurements. As
a result, considering the identi�cation results due to ambient vibrations for
inverse updating of physics-based model results in higher sti�ness estima-
tions than the e�ective elastic sti�ness of the structure, which translates to
erroneous response predictions.

Although some limitations have been reported regarding the underly-
ing uncertainty structure [66, 60], Bayesian model-updating (BMU) pro-
vides a powerful and widely applied probabilistic tool to solve inverse data-
interpretation problems [67, 68, 69]. However, such approaches are often
building-speci�c, while comparative studies on the e�ect of model-updating
on the seismic evaluation of multiple monitored buildings are lacking. Fur-
thermore, the modal properties depend on the amplitude of vibration [70,
71, 72] and are also a�ected by environmental variability [73, 74, 75], which
can undermine the robustness of model-updating. Several works tackle the
in
uence of varying environmental and operational conditions (EOC), when
updating the model parameters [76, 77, 78]. However, less e�ort has been
put in studying amplitude dependency.

2.2 Damage detection and characterization

Calibrated structural models are irreplaceable tools, when it comes to val-
idating the existence and potentially localizing seismic damage, identi�ed
through data-driven techniques. Changes in vibrational properties can be
associated with nonlinear response or progressive sti�ness degradation, both
of which are evidences of potential damage [79, 80, 81, 82]. Detecting the
existence of damage comprises the 1st step of damage identi�cation [83]
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and can be linked to changes in natural frequencies or damping coe�cients
[84, 85, 86, 87, 88, 89, 90]. In a step towards localization of structural damage,
modal shapes or mode-shape curvature have shown good accuracy, provided
that a su�ciently dense monitoring network is available [91, 92, 93]. As data
often proves insu�cient, physics-based models are further employed to im-
prove performance in terms of damage detection and localization [94, 95, 96].
The two aforementioned tasks comprise only the �rst two levels of damage
identi�cation [83] and do not typically entail quanti�cation of damage (third
level), which may then lead to the prediction of the remaining useful life
(fourth level). To achieve these higher-end tasks, model-based SHM is typ-
ically used, but involves computationally expensive and structure-speci�c
models [97, 98].

In recent years, the increasingly available computational resources have
marked a paradigm shift from traditional vibration monitoring to the use of
machine learning (ML) and deep learning applications [99]. ML algorithms
provide powerful tools to extract underlying features from monitoring data,
to train classi�ers that can di�erentiate healthy from damaged data, or even
to characterize the severity of damage [100, 101, 102, 103]. However, the
practical deployment of ML algorithms, trained on simulated data, in real
structures is non-trivial, while relevant attempts in the scienti�c literature
are limited. In addition, labeled data from real structures, corresponding
to earthquake-damaged building states, is scarce and thus, real-world moni-
toring datasets are rarely balanced or may even be limited to healthy data.
Therefore, supervised ML approaches that require a large amount of labeled
data cannot be applied directly. Although simulations o�er a promising
source of synthetic data in damaged states [104, 105], engineering models
contain inherent bias and multiple sources of uncertainty that prevent a re-
alistic representation of the measured response. As a result, ML models
trained exclusively on simulations cannot perform damage-characterization
tasks when exposed to real-world data. Transfer learning, an ML technique,
may o�er a remedy to this limitation, by transferring knowledge from a source
domain, where a large amount of labeled data is available, to a target do-
main, for which very limited information exists [106]. Domain adaptation
addresses this task by reducing the distance between the data distributions
of the source and target domains.

EDPs, often structural displacements or drifts, are typically used in performance-
based earthquake engineering [107, 108] to de�ne thresholds that separate
damage states. For regional risk assessment, global EDPs, such as aver-
age roof drift, are often used to construct fragility functions that link the
probability of exceeding a given damage state with intensity measures that
characterize the ground motion [109]. The displacement response history is
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rarely measured in reality due to numerous challenges with respect to the nec-
essary instrumentation and sensitivity, especially in sti�, low-rise buildings.
Intensity metrics (IMs) typically refer to free �eld acceleration or velocity
response in the vicinity of the structure. Although easy to measure, the cor-
relation of IMs with EDPs and the damage produced is weak, especially in
complex real structures. To this end, monitoring-based damage quanti�ca-
tion in buildings has been formulated and involves model-based derivation of
fragility curves with respect to individual measurable DSFs, such as changes
in natural frequencies [110] or modal features derived with wavelet decompo-
sition [111]. However, a formal comparison of the predictive performance of
individual damage metrics based on an extensive dataset of multiple building
con�gurations is lacking. The applications of ML approaches to fuse DSFs
are limited, whereas no domain adaptation applications have been attempted
to generalize predictions in real-world large-scale structures consisting of in-
homogeneous materials, such as concrete or masonry.

2.3 Sensor fault detection

SHM relies heavily on the robustness of the employed sensing technologies,
particularly when it is conceived to operate within a long-term monitoring
context. While recent advances in sensor technology and the rapid increase
in computing capabilities massively reduce instrumentation cost and enable
advanced computations on site or on cloud servers, the broad application of
SHM is undermined by challenges related to data transmission, data storage
capacity, and the limited life-cycle of sensors. To reduce the size of the
collected data, heuristic-based criteria are typically used to keep only the data
containing novelties. However, such methods are application-speci�c and
require expert judgement for the de�nition of the thresholds. In addition, the
existence of sensor faults often results in false alarms, data losses, and even
erroneous assessments. To identify sensor faults in a timely manner, shallow
and deep learning architectures have been developed to detect outliers and
missing values [112, 113]. In this regard, algorithms based on correlation
analysis [114, 115], principal component analysis [116, 117], support vector
machines [118] and convolutional neural networks [119] have been proposed.
However, most algorithms have been developed to detect speci�c forms of
anomalies, for which labeled data exist, limiting their applicability in real
structures, where a limited amount of data is available [103, 120].
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3. Research objectives

3.1 Suggesting a new framework for monitoring-driven
models of masonry buildings

In order to overcome known limitations of building response to ambient load-
ing, vibrational recordings at various amplitude levels can be fused with
physics-based models through BMU, to evaluate the e�ect of excitation am-
plitude and reduce parametric uncertainties [67, 68, 69]. Although BMU
approaches have been successfully applied on measurement data of individ-
ual structures, no comparative studies have been carried out on an extensive
set of real case studies. A main objective of this thesis is to formulate a prac-
tical BMU-based framework and to apply it to various unreinforced masonry
(URM) buildings, considering the e�ect of amplitude dependency. Addition-
ally, as a step towards assessing the usefulness of model-updating for seismic
assessment, the reduction in uncertainty in the estimation of seismic per-
formance metrics needs to be quanti�ed and posterior seismic performance
must be compared between buildings belonging to the same and di�erent
typological classes.

3.2 Devising robust damage diagnostics for Seismic
SHM

While individual DSFs may demonstrate impressive performance in dam-
age detection and localization for individual buildings [111], applications to
new structures require threshold adjustment, which is usually based on la-
beled data and heuristics. Combining multiple DSFs with features related
to the typological characteristics of the structures through supervised ML
frameworks is the key to achieve structure-agnostic damage indicators. Ad-
ditionally, long-term SHM applications face the threat of sensor faults that
can contaminate the collected data and undermine its evaluation. Present
techniques for sensor fault detection rely on time-demanding expert judge-
ment and/or extensive labeled data, which is rarely available. Supervised
ML algorithms are limited to the detection of sensor faults that are already
known and adequately represented in the learning set. A main objective
of this thesis is to develop a semi-supervised technique, based on limited
data measured in healthy conditions, that allows for the identi�cation and
interpretation of novel sensor faults, for which no labeled data exists.
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3.3 Knowledge transfer from simulated to real struc-
tures

The limited amount of publicly available data from real-world monitoring
deployments, as well as the individual characteristics of civil structures, pre-
vent the direct use of supervised ML tools in practical SHM applications.
Although SHM approaches are often validated on the basis of simulations,
transferring knowledge from simulations to real-world problems remains chal-
lenging. Thus, deploying domain adaptation techniques to transfer knowl-
edge from numerical simulations to real structures presents a major objective
of this thesis.
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4. The proposed Seismic SHM framework

The proposed Seismic SHM framework aims to improve the seismic evalu-
ation of existing buildings prior and after strong ground motions. Prior to
earthquakes, ambient vibration data is used to calibrate engineering models,
to reduce uncertainties in seismic evaluation and to train a domain adapta-
tion network for damage detection in the immediate aftermath of real earth-
quakes. Finally, intelligent sensor diagnostics are proposed to monitor the
operational condition of the sensing network in long-term monitoring applica-
tions. An overview of the proposed methodological approach for data-driven
pre- and post-event condition assessment of monitored structures subjected
to earthquake loading, applied on an individual buildings, is illustrated in
Fig. 4.1 and described in detail in this section. Provided that a model
representation, capable of capturing the dynamic characteristics of the stud-
ied structure, is available, BMU can be conducted, on the basis of dynamic
measurements. Accounting for the amplitude dependency of the sti�ness
properties by measuring vibrations beyond the ambient level will further re-
duce the parametric uncertainty in seismic assessment (sections 4.1 to 4.3).
Labeled data from the calibrated model can be used to train supervised clas-
si�ers, in order to update the vulnerability of the typology represented by
the monitored building (section 4.4). Measurements from the structure at
healthy state can be combined with simulations to train the domain adap-
tation framework, in order to provide robust damage predictions in the af-
termath of earthquakes (section 4.6). Decision trajectories can be further
deployed, to interpret the ML model decisions and reduce false alarms and
misclassi�cations (section 4.5). Sensor fault detection and characterization is
implicitly included along the life-cycle of the monitored structure, to guaran-
tee undistorted information extracted from the collected data (section 4.5).

4.1 Amplitude-dependent model updating

A necessary �rst step towards Seismic SHM is to collect data from real build-
ings in higher than ambient vibrations and in di�erent damage states. To
this end, a framework for monitoring masonry buildings prior to and dur-
ing planned demolitions is proposed in the paper titled Amplitude-dependent
model-updating of masonry buildings undergoing demolition. Masonry build-
ings comprise a signi�cant part of the existing building stock in Europe, one
that is particularly vulnerable to earthquakes. Vibration-based monitoring
in operating buildings is hindered by accessibility issues and is usually lim-
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Figure 4.1: Overview of the methodological approach.

ited to low-amplitude ambient vibration measurements. The herein proposed
framework for amplitude-dependent modal identi�cation based on monitored
demolitions is illustrated in Fig. 4.2. Following this framework, a low-cost
sensor con�guration comprising multiple accelerometers has been deployed
in nine URM buildings in Zurich undergoing planned demolition. For all case
studies, demolition has been carried out with an excavation shovel, starting
from the top of the structure with the removal of non-structural elements
and progressively reaching the roof, the top slab, and the supporting ma-
sonry walls. Non-structural elements, such as furniture, glass windows, 
oor
covering, and roof tiling, have been extracted beforehand, leaving the struc-
ture at a bare state. This facilitates inspection of the structural materials
and geometry. Such non-structural elements have been shown in the past to
have a minor in
uence on the dynamic response of existing URM buildings
[121].

Initially, a baseline identi�cation of the modal characteristics is performed
based on 10 to 20 minutes of ambient recordings prior to the beginning of the
demolition process. Subsequently, the modal properties identi�ed under am-
bient conditions are considered as a reference. During demolition, buildings
are subjected to hits and pulls of arbitrary direction and intensity, providing
a wide variety of impulse responses. Although excitation amplitude, loca-
tion, and direction cannot be measured directly, intensity metrics may be
derived from the building response and then utilized to cluster the response
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impulses into groups of similar amplitude. The data that �ts the purposes
of model-updating is limited to the vibrations generated during demolition
activities at the roof-top level, prior to the formation of visible damage on
structural elements and the removal of signi�cant mass from the structure.
Monitoring this precursor of building demolition provided a rich amount of
vibration recordings at amplitude levels that exceeded typical ambient vi-
bration measurements by an order of magnitude and more. While dynamic
measurements during demolitions provide a rich source of monitoring data
from real buildings, they do not simulate seismic response, as the excitation
amplitude, frequency content and duration is inherently di�erent from the
cyclic excitation during earthquakes.

The signals recorded during demolition are segmented into separate im-
pulse responses that are further analyzed in the time domain with the Eigen-
system Realization Algorithm (ERA) [122, 123], which provides estimates of
modal properties (frequency, mode shape, and damping) for each impulse re-
sponse. The identi�cation results are clustered based on response amplitude
metrics, such as peak acceleration and RMS acceleration during the impulse.
A parametric EF model of the studied structure is developed and appropriate
ranges are de�ned for uncertain parameters related to material properties,
boundary conditions, and mass. For each intensity bin, BMU is deployed to
infer the uncertain parameters of the EF model and the updated models are
subjected to nonlinear seismic assessment.

4.2 Metamodeling and sensitivity analysis

In the framework of BMU, multiple forward simulations are required to gener-
ate posterior estimates of the uncertain parameters. As physics-based models
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are computationally expensive, metamodeling techniques o�er e�cient ap-
proximations of the response predictions. Given a set of independent input
variables X, such as model geometry, material properties, and excitation, a
physics-based model M approximates the real response vector Y as follows:

Ŷ = M(X) (4.1)

In the absence of measurement data, it is highly challenging, or even impos-
sible, to evaluate the ability of the physics-based model in predicting the real
response. In addition, the e�ect of parametric uncertainties on the predicted
response is often neglected. Probabilistic approaches propagate parametric
uncertainties to the prediction outcomes but require multiple model evalu-
ations, which are, in most cases, computationally burdensome. Surrogate
models substitute the physics-based model with a much faster metamodel,
capable of approximating the desired response with su�cient accuracy, yet re-
ducing the time required for multiple forward model evaluations signi�cantly.
Polynomial chaos expansion (PCE) [124] is a highly e�cient metamodeling
technique, which relies on the spectral representation of a computational
model on a suitable basis of polynomial functions:

Ŷ = M(X) �MPCE(X)
X

a2NM

ya a(X); (4.2)

where  a(X) are multivariate polynomials orthonormal with respect to
the probability density function of the input space and ya 2 R refers to the
corresponding coe�cients. With a su�ciently accurate and computationally
e�cient PCE model, a global sensitivity analysis can be conducted to identify
the input parameters that a�ect the modal response substantially.

4.3 Bayesian model updating

In order to generate posterior estimates of the uncertain parameters that
substantially a�ect the dynamic response characteristics, a BMU framework
[125] is implemented, as described in detail in the paper titled Reducing
Uncertainty in Seismic Assessment of multiple Masonry Buildings based on
Monitored Demolitions. Indeed, BMU provides posterior distributions of the
input parameters X for which the �t between the model predictions and
the available data is compatible with the uncertainties present in both the
measurements (data) and the modeling process. The measured response Y
can be linked to the prediction of the model as follows:

Y = MPCE(X) + "; (4.3)
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where " describes the discrepancy between observations Y and model predic-
tion due to measurement and modeling inaccuracy. Although the following
assumptions need to be thoroughly veri�ed in practical cases, considering
that the model bias can be ignored and that the measurement and modeling
errors are not coupled, this term is represented as an additive Gaussian noise
with zero mean and a diagonal covariance matrix:

" � N (0;�) (4.4)

In order to account for the unknown measurement uncertainty, the diago-
nal terms of the covariance matrix are parametrized and inferred through
the BMU framework as follows. For N independent observations (Y =
yi; :::;yN ) and M identi�ed modal properties (yi = yij; :::; yiM), each diago-
nal term jj of � is considered a random variable with uniform distribution
in the range: [0; 2 � �2(Yj)], which can be inferred through the subsequent
BMU. All identi�ed modal properties (frequencies and modal shapes) for the
ith observation (Yi ) are considered as equally weighted realizations of inde-
pendent Gaussian distributions with mean values estimated from MPCE(X)
and covariance matrix (�). The likelihood is estimated from the multivariate
Gaussian distribution, which is formed as the product of the above marginal
Gaussian distributions and can be formulated as:

L(X;Y ) =
NY

i=1

MY

j=1

N (yijjMPCE(X);�) (4.5)

In order to obtain an approximation of the posterior distribution, 5000
Markov chain Monte Carlo (MCMC) simulations are performed after apply-
ing the A�ne Invariant Ensemble Algorithm (AIES) [126] for an ensemble
of 20 Markov chains. To account for changing amplitude levels, BMU is
conducted independently for low- and high-amplitude impulse response sets,
providing posterior distributions for various amplitude levels. This results
in a signi�cant reduction in uncertainties related to predicted seismic perfor-
mance.

4.4 Supervised ML approaches to fuse DSFs in robust
damage classi�ers

Clustering together buildings with similar seismic performance is eminent,
to extrapolate evaluations of individual buildings to regional vulnerabil-
ity estimates. DSFs based on vibrations quantify the damaging impact of
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ground motions, however, their thresholds need to be customized to the mon-
itored structure. To this end, combining DSFs through ML algorithms o�ers
promising potential towards robust damage classi�cation, as described in
the paper titled Fusing Damage-Sensitive Features and Domain Adaptation
towards Robust Damage Classi�cation in Real Buildings. Provided labeled
data is available, supervised classi�cation schemes are proven very success-
ful in various SHM-related applications [127, 128]. Deep neural networks
have been established as a valid tool to approximate highly nonlinear and
complex mapping functions [129]. By learning feature combinations that are
informative of damage, classi�ers produce robust predictors of the damage
class. In this thesis, two ML classi�cation architectures are implemented:
(a) deep Convolutional Neural Networks (CNN) that combine convolutional
layers to understand the local relations of features in various resolutions and
(b) gradient-boosted decision trees [130], as implemented in the XGBoost
algorithm [131].

The deployed CNN architecture (Fig. 4.3b) comprises a latent-space fea-
ture extractor and a damage classi�er. This separation is compatible with the
domain adaptation framework introduced in section 4.6. The generic layer
structure of the feature extractor contains an input layer with the length
of the initial feature space and a variable number of 1D CNN layers with
a kernel size of 3, followed by dropout regularization and a hyperbolic tan-
gent activation function (tanh). Finally, a dense layer (fully connected) with
variable output length is added for the computation of the latent features,
that are provided as input to the damage classi�er, which consists of four
dense layers that output the predicted damage class. The model output is
estimated through a softmax activation function.

While traditional DTs use hard conditions to classify data into target
labels, the XGBoost algorithm parallelizes the training of multiple DTs. For
a given training set with n samples and m features, a tree ensemble model
(Fig. 4.3a) uses K decision trees to derive predictions ŷi corresponding to
the real class yi as follows:

ŷi =
KX

k=1

fk(xi); fk 2 F ; (4.6)

where xi represents the feature vector, fk is the kth tree function, and F refers
to the tree space. The optimal set of functions is derived by minimizing the
following regularized objective:

L =
mX

i=1

l(ŷi; yi) +
KX

k=1


(fk) (4.7)
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(b) the Convolutional Neural Network classi�er architecture.
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The �rst term, l, represents a di�erentiable convex loss function and ac-
counts for the prediction accuracy. The second term, 
, is a regularization
term that penalizes the complexity of the model, thus preventing over�tting.
This regularized objective function is designed to select a model that employs
simple and predictive functions. However, including functions as parameters
prevents the application of traditional optimization methods in Euclidean
space. Thus, the model is trained in an additive manner, by adding tree
functions and keeping those that improve the predictive accuracy without
increasing the complexity signi�cantly. The detailed derivation of the gradi-
ent tree boosting algorithm is documented by Chen et al. [1].

4.5 Towards robust sensor diagnostics with decision
trajectories to interpret black-box model decisions

While supervised ML techniques are very promising when applied to complete
datasets, long-term monitoring applications are undermined by the limited
life-cycle of sensors compared to the monitored structures. To alleviate this
issue, the timely identi�cation of sensor faults and robust characterization
of their origin comprise the main challenges to address. A semi-supervised
framework for sensor fault detection is proposed and combined with an ap-
proach to interpret ML-driven decision, in the paper titled A semi-supervised
interpretable machine learning framework for Sensor Fault detection. The
Support Vector Machines algorithm is used to identify anomalies, essentially
acting as an one-class classi�er (OCC). Given that the proposed framework
relies exclusively on labeled data belonging to a single class (addressed as
\healthy", \reference" or \normal"), it falls into the semi-supervised cate-
gory, as opposed to supervised approaches that require labels for all types of
faults. The herein proposed \decision trajectories" consist a practical tool
to illustrate the in
uence of each individual feature on the ML model deci-
sions, regarding the sensor condition or the damage state of the structure.
The proposed framework is illustrated in Fig. 4.4 and aims to complement
conventional one-class classi�cation by supplementing it with a thorough and
comprehensive interpretability of model decisions.

Decision trajectories are based on a coalitional game-theory approach,
materialized through the SHAP algorithm [132]. SHAP is an additive fea-
ture attribution method that allows the expression of model decisions as a
sum of real values attributed to each feature. This information unveils the
driving features behind predictions, as well as their impact towards or against
a given model decision. Starting from the bottom, which corresponds to the
reference (healthy) state, each line demonstrates how the feature attribu-
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Figure 4.4: Illustration of the proposed framework for sensor fault detection
and interpretation of model decisions.

tions accumulate to the �nal SHAP score, which governs the model decision.
In this context, each prediction line illustrates the trajectory of the model
decision, implicitly containing information about the feature dependencies
as well. Therefore, speci�c sensor failures are expected to yield similar de-
cision trajectories, allowing a better understanding of the origin of faults
(root-cause analysis) beyond the limits of the binary one-class classi�cation.
Decision trajectories are formed by interpolating the Shapley attribution val-
ues related to each feature.

To evaluate the consistency between di�erent decision trajectories, a sim-
ilarity measure is proposed, based on the formulation of the well-established
Modal Assurance Criterion (MAC). The MAC, typically used as a qual-
ity indicator for modal vectors estimated from measured frequency response
functions [133], evaluates the collinearity of two vectors. The proposed simi-
larity metric, namely the Decision Trajectory Assurance Criterion (DTAC),
compares the �rst derivative of the evaluated and the reference trajectories
and yields a scalar, which expresses the degree of collinearity between the
two vectors:

DTAC =
j (���0eval)T � ���0ref j2

j (���0eval)T � ���0eval j � j (���0ref )T � ���0ref j
(4.8)

where ���0eval and ���0ref refer to the �rst derivative of the evaluation and ref-
erence trajectories, respectively. The curvature of the decision trajectories
contains signi�cant information regarding the feature dependencies, and thus
the �rst derivative of the trajectories is implemented in the proposed corre-
lation metric. The DTAC is bounded between zero, indicating little corre-
spondence between two trajectories, and one, indicating a fully consistent
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correspondence. It is mentioned that the order of the features is dictated by
the global feature importance from the training set and remains constant.

Illustrating the feature impact on the decisions of black-box models through
decision trajectories resembles the superposition principle, which is applied
to complex linear systems, in order to decompose their response into funda-
mental linear components. The Fourier transform is a characteristic example
of such a decomposition. Analyzing time-series into monochromatic signals
exposes the characteristic frequencies that shape the dynamic response. Sim-
ilarly, decision trajectories decompose black-box model predictions into the
impacts of individual features, enabling the detection of key feature depen-
dencies that characterize model decisions. Evaluating the decision trajecto-
ries of false alarms or \uncertain" predictions may o�er support to experts
by exposing the misleading features. Furthermore, similarities in decision
trajectories may facilitate the association of abnormal signals with speci�c
sources of failure. The proposed framework is designed to be independent
of the distinctive structure-speci�c characteristics of the monitored struc-
ture and the type, amount and locations of sensors used, providing an easy
to train, project-agnostic tool, which can be seamlessly integrated into the
pre-processing part of many SHM applications.

4.6 Domain Adaptation for transferring knowledge from
simulations to real-world data

In the absence of labeled data from real structures at di�erent damage states,
supervised approaches are trained based on simulations and fail to accurately
predict the damage state, when exposed to real data. Domain adaptation
aims to improve the predictive performance of a classi�er in the target do-
main, for which no labels are available, by training the classi�er with labeled
data from the source domain and limited unlabeled data from the target do-
main. For instance, the source domain could be a simulation model and the
target domain a real-world structure. In the paper titled Fusing Damage-
Sensitive Features and Domain Adaptation towards Robust Damage Classi-
�cation in Real Buildings, a Domain Adversarial Neural Network (DANN)
approach [134] is deployed, which capitalizes on Generative Adversarial Net-
works (GAN [135]). The adopted DANN architecture, illustrated in Fig.
4.5, comprises three elements: (a) a latent-space feature extractor that maps
the input to a D-dimensional latent feature vector (fl), aiming to provide
domain-agnostic feature representations that are sensitive to structural dam-
age, (b) a damage classi�er that maps fl to a prediction of the damage state,
and (c) a domain discriminator that is able to discern the origin domain and
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Figure 4.5: Schematic representation of the generic architecture of a DANN
model.

maps fl to a binary domain label (source or target domain). By denoting the
trainable parameters of each component with �, a uni�ed objective function
can be formulated:

E(�FE; �DC ; �DD) = Ly(�FE; �DC)� � � Ld(�FE; �DD)

(�̂FE; �̂DC) = arg min
�F E ;�DC

L(�FE; �DC ; �̂DD)

�̂DD = arg max
�DD

L(�̂FE; �̂DC ; �DD)

(4.9)

Since the objectives of the feature extractor and the domain discriminator
are con
icting, their training is conducted in an adversarial manner, in order
to �nd an optimal saddle point. In Eq. 4.9, the �rst part (Ly) minimizes
the loss of label prediction, as is conventionally done for supervised learning
approaches. The second part (Ld) is an adversarial loss that behaves dif-
ferently in forward and backward propagation. In forward propagation, the
domain prediction loss is maximized. The weights of the feature extractor
are trained so that the latent feature space remains domain invariant. In
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back-propagation, the domain prediction loss is minimized. The weights of
the domain discriminator are trained with the goal of maximizing the preci-
sion of predicting the origin (source domain or target domain) of the latent
space features. The parameter � controls this transition and is materialized
by introducing a gradient reverse layer between the feature extractor and the
damage classi�er [134].
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5. Main contributions

� A framework is proposed to collect vibrational data from real build-
ings at changing amplitude levels of excitation and in di�erent damage
states, through vibrational monitoring prior to and during planned de-
molitions.

� Amplitude dependent reversible softening observed in the commonly
assumed linear elastic regime of real masonry buildings propagates to
the outcome of seismic evaluation, resulting in a signi�cant reduction
of the computed compliance factor, in the order of 14%.

� A BMU framework is formulated and applied to nine real URM build-
ings undergoing demolition, demonstrating signi�cant reduction in mod-
eling uncertainties and in the predicted seismic performance. A thor-
ough comparison of the collective results yields valuable insights into
the performance of multiple buildings sharing the same or di�erent
structural characteristics.

� Typological capacity curves are compared with the computed response
of multiple masonry buildings, based on data-informed EF models.
The results demonstrate the underlying uncertainty and the limita-
tions of seismic vulnerability estimates through conventional typolog-
ical classes, relying on the number of 
oors and the material of the

oor-slabs.

� A large set of DSFs is evaluated on nonlinear simulations and super-
vised classi�cation schemes are deployed towards creation of an en-
hanced multi-component damage indicator. Fragility functions involv-
ing individual DSFs are used to compare their predictive performance
with EDPs and IMs. DSFs are shown to outperform peak ground ac-
celeration (PGA), which is a basic intensity metric that characterizes
the ground motion and is currently used in regional risk and loss as-
sessment.

� Combining multiple DSFs through supervised classi�cation schemes
yields signi�cant improvement in damage predictions, exceeding the
performance of individual EDPs that rely on displacements and are
di�cult to measure in practical applications.

� A domain adaptation ML framework that generalizes the knowledge ob-
tained from simulations to real structures, is formulated and evaluated
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on large-scale shake-table data. By exploiting very limited information
from the experimental data, which characterizes exclusively the healthy
state of the tested structure, the domain adaptation framework adapts
successfully to the target domain.

� A novel semi-supervised framework for sensor fault detection and char-
acterization is proposed, based on limited available data pertaining to
\healthy" operating conditions. Practical tools are derived and vali-
dated, enabling the characterization of new fault types and the auto-
matic classi�cation of anomalies to known fault classes. The frame-
work is designed to be independent of the distinctive structure-speci�c
characteristics of the monitored structure and the type, amount and
locations of sensors.
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6. Organization of the thesis

The thesis is divided into three parts: the Preamble, Publications, and Con-
clusions. In the �rst part, the motivation and problem statement are in-
troduced, followed by the description of the research background and the
current State of the Art. This leads to the formulation of the research ob-
jectives and the outline of the methodologies that have developed as part
of this thesis. The second part comprises the journal publications produced
during this thesis, in which the developed methodologies are formulated and
demonstrated in detail and the analysis results are thoroughly discussed.

The paper titled Amplitude-dependent model-updating of masonry build-
ings undergoing demolition introduces a framework for monitoring masonry
buildings prior to and during planned demolitions, providing a cost-e�cient
way to collect vibrational data at changing amplitude levels of excitation and
in di�erent damage states. Studying the dynamic response at various ampli-
tude levels in the commonly assumed linear-elastic regime exposed reversible
sti�ness reduction, which a�ects the predicted seismic performance and is
mainly attributed to \breathing" cracks in masonry. Propagating this e�ect
to the outcome of nonlinear seismic analysis, through BMU applied on an EF
model of the building, demonstrated a signi�cant reduction in the computed
compliance factor, in the order of 14%.

The paper titled Reducing Uncertainty in Seismic Assessment of mul-
tiple Masonry Buildings based on Monitored Demolitions demonstrates the
application of a BMU framework on nine real URM buildings, representative
of various central European typologies, that were monitored during planned
demolition. The concept of devising building typologies is key to transferring
knowledge from monitoring of isolated structures. Seismic performance met-
rics are computed in a probabilistic manner, demonstrating a narrowing of
the uncertainty in the estimation of the associated model parameters, which
propagates to the computed seismic performance. A thorough comparison of
the results yields valuable insights into the performance of building sharing
the same or di�erent structural characteristics. Typological capacity curves
are compared with the the computed response, demonstrating the underlying
uncertainty and the limitations of such simpli�ed approaches in capturing the
collective seismic performance at typological level.

The paper titled Fusing Damage-Sensitive Features and Domain Adapta-
tion towards Robust Damage Classi�cation in Real Buildings evaluates the
damage-prediction performance of a large ensemble of DSFs computed on
low-amplitude response prior and in the direct aftermath of strong ground
motions, towards creation of an enhanced multi-component damaged indi-
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cator. In a sense, the engineering logic of formation of Key Performance
Indicators (KPIs) is introduced into the monitoring-based assessment frame-
work. Fragility functions involving individual DSFs are used to compare their
predictive performance with EDPs and IMs. Gradient-boosted decision trees
and convolutional neural networks are deployed to fuse multiple DSFs into
robust damage classi�ers. Finally, a domain adaptation framework enables
successful transfer of the knowledge obtained from physics-based simulation
models to real data from a large-scale shake-table test.

The paper titled A semi-supervised interpretable machine learning frame-
work for Sensor Fault detection outlines a novel method to timely identify and
characterize sensor faults in the context of long-term SHM applications, based
on limited available data. Given that monitored structures typically outlive
sensing components, unidenti�ed sensor faults can lead to false alarms or er-
roneous evaluations. While current methods for the detection of sensor faults
are based on empirical heuristics or require extensive labeled data to train,
the herein proposed semi-supervised framework relies on limited available
data, pertaining to \healthy" operating conditions. Combining conventional
one-class classi�ers with the SHAP method for interpreting black-box model
predictions enables the derivation of the herein proposed \decision trajecto-
ries" and the DTAC criterion, which enables the characterization of new fault
types and the automatic classi�cation of anomalies to known fault classes.
The framework is designed to be independent of the distinctive structure-
speci�c characteristics of the monitored structure and the type, amount and
locations of sensors used, providing an easy to train, project-agnostic tool.

The last part contains a summary of the conclusions, followed by a dis-
cussion of the impact of the thesis outcomes for the SHM community and
engineering practice. On the basis of the results of this thesis, an outlook for
future work is attempted, focusing on the identi�ed limitations of the cur-
rent State of the Art. Concrete research objectives are proposed to maximize
the practical value, to broaden the applicability of SHM, and ultimately to
improve the resilience of our society in response to disasters.
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corresponding to a frequency drop of up to 10%, compared to the iden-
ti�ed frequencies under ambient conditions.

� Amplitude dependent reversible softening observed in the commonly
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Abstract

Precise knowledge of dynamic characteristics and data-driven inference of
material properties of existing buildings are keys for assessing their seismic
capacity. While dynamic measurements on existing buildings are typically
extracted under ambient conditions, masonry, in particular, exhibits non-
linear behavior at already very low shaking amplitudes. This implies that
material properties, inferred via data-driven model updating under ambi-
ent conditions, may be inappropriate for predicting behavior under seismic
actions. In addition, the relative amount of nonlinearity arising from struc-
tural behavior and soil-structure interaction are often unknown. In this work,
Bayesian model updating is carried out on �eld measurements that are rep-
resentative of increasing levels of shaking, as induced during demolition, on
a pre-code masonry building. The results demonstrate that masonry build-
ings exhibit nonlinear behavior as the elastic modulus drops by up to 18% in
the so-called equivalent elastic range, in which the observed frequency drop
is reversible, prior to any visible sign of damage. The impact of this e�ect
on the seismic assessment of existing structures is investigated via a nonlin-
ear seismic analysis of the examined case study, calibrated under dynamic
recordings of varying response amplitude. While limited to a single build-
ing, such changes in the inferred material properties results in a signi�cant
reduction of the compliance factor, in this case by 14%.

1.1 Introduction

Earthquakes continue to comprise one of the deadliest natural hazards, with
the majority of the casualties caused by collapsing buildings [1]. While much
e�ort has been made to improve building codes and new structures can ar-
guably be considered earthquake-safe, existing buildings often fail to comply
with modern seismic code prescriptions. Among building typologies, ma-
sonry buildings stand out as the most vulnerable [2, 3]. Repairing or even
replacing all existing buildings that have been built prior to current design
codes is economically impossible and environmentally unsustainable, given
that the construction industry is already the largest producer of solid waste
[4]. Better knowledge of the behavior of existing structures may justify the
extension of their life-span without compromising the resilience of communi-
ties with respect to natural disasters.

Structural health monitoring (SHM), which relies on utilization of sensor
data from operating structures, has the potential to expand our knowledge
concerning performance of existing buildings, as a supplement to laboratory-
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based experimentation [5, 6, 7, 8], and possibly alleviating destructive testing
and supporting lifetime safe exploitation of novel structural solutions [9].
Rapid developments in sensor technology and the broad establishment of
the Internet-of-Things (IoT) enriched the arsenals of structural sensing tools
for structures under seismic risk, overcoming most of the main challenges
that prohibited the broad application of smart sensor networks for SHM
applications in the past 20 years [10].

Works related to the use of SHM, for dynamic characterization and mon-
itoring of buildings, typically exploit vibration measurements to infer the
modal characteristics of the examined system, either as a proxy of structural
health [11, 12, 13] or for further exploitation in inverse parameter updat-
ing of computational models [14, 3, 15, 16]. Other applications of vibration
monitoring relate to slender structures, where the serviceability requirements
are more restrictive than safety limits. In such cases, vibrational monitoring
supports the validation of modeling assumptions and the evaluation of com-
pliance to code prescriptions [17]. Finally, problems related to oscillating
machinery and its e�ect on the foundation impedance, form another �eld
of extensive academic research, which could pro�t from better knowledge of
vibration responses [18].

Ideally, building dynamics are measured under actual seismic events [19],
or under forced excitation [20, 21]. Soyoz et al. [22] employed an eccen-
tric mass shaker to mobilize a reinforced concrete building prior to and after
retro�tting, with the aim of assessing the e�cacy of the retro�tting solution.
However, various technical and administrative complications undermine such
controlled shaking experiments for testing of real structures, with perhaps a
primary obstacle lying in the need to suspend the function of the tested in-
frastructure, or building. As a result, output-only modal identi�cation algo-
rithms [23, 24] for structures that are subjected to ambient excitation present
a more attractive, if not the only, alternative for dynamic measurements.
However, methodologies that involve ambient vibrations are inevitably lim-
ited to the structural response in the commonly assumed linear elastic range,
which may not be representative of structural behavior under high-amplitude
loads [25]. This limitation becomes even more prominent for masonry struc-
tures [26, 27] that exhibit nonlinear behavior even at low excitation levels
(order of magnitude lower than earthquake excitations). Furthermore, the
e�ect of the soil-foundation-structure interaction (SFSI), which is proven to
substantially a�ect the dynamic response of low-rise buildings [28], cannot
be captured by considering only ambient excitation. This paper proposes a
testing and analysis framework for model updating based on dynamic mea-
surements whose amplitude lies beyond the range of classical ambient vibra-
tions, that typically do not exceed amplitudes of 0.1 mg. Thus, changes in
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modal parameters, such as frequencies, mode-shapes and equivalent viscous
damping, due to changes in response amplitude are captured.

With the development and availability of structural sensing options, sig-
ni�cant research e�orts have been devoted to solve the inverse model up-
dating problem based on measurement data [29, 30, 31].To tackle uncer-
tainties that are inherent in measurements and are further exacerbated due
to the simpli�cations adopted in physics-based models, a model-updating
framework based on Bayesian conditional probability has been proposed by
Beck and Katafygiotis [32]. Although certain limitations of Bayesian model-
updating schemes and the underlying uncertainty structure have been re-
ported [33, 34, 35], this approach forms a potent tool for solving the inverse
updating problem [36, 37, 38, 39, 40, 41, 42].

Typical model-updating approaches for buildings consider �xed boundary
conditions [43, 44, 45] and thus, ignore the SFSI e�ect. Updating such mod-
els, without considering the uncertainties from amplitude-dependent building
behavior, may result in erroneous predictions that can lead to either unnec-
essary interventions or unsafe neglecting of retro�tting. Song et al. [46]
applied a hierarchical Bayesian model updating approach to a two-story con-
crete building, demonstrating the in
uence of the response amplitude onto
the estimated parameters. Asgarieh et al. [47] traced the frequency shifts
and their in
uence on updated parameters of a linear �nite-element model.
However, only one contribution [27] attempted a rigorous derivation of the
amount of nonlinearity that can be attributed to the soil. A model-updating
approach for both structure and soil, considering uncertainties, has not been
accomplished. In this paper, excitations from planned demolition activities
are used to estimate the in
uence of amplitude-dependent dynamic properties
of masonry buildings on updated parameters that describe the behavior of
the soil and the structure. The subsequent utilization of updated model pa-
rameters bears a direct in
uence on both the simulated seismic behavior and
the spectral demand and thus, on the predicted vulnerability of the structures
[48, 49]. Therefore, the in
uence of updated parameters on predicted nonlin-
ear lateral load bearing is assessed. Such information can provide guidance
for practitioners seeking to reduce uncertainties in the seismic assessment of
existing buildings through solving the inverse problem of model updating.

This paper starts with a description of the studied building and the mea-
surement system that are used, as well as the demolition process, which al-
lowed to measure vibrations that exceed ambient levels without introducing
permanent damage. In section 3, the modal properties of the building in the
healthy state are identi�ed for both, ambient vibrations as well as higher lev-
els of excitation. Subsequently, the parameter values of an equivalent frame
(EF) model are updated using a Bayesian approach and the in
uence of the
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variability in vibration amplitudes on the model-parameter identi�cation and
�nally on the seismic performance are assessed.

1.2 Model updating with dynamic measurements at
di�erent amplitude levels

This section contains an overview of the proposed work
ow for the inverse
task of updating numerical models, based on dynamic measurements in a
wide range of response amplitudes. The proposed work
ow is demonstrated
through its application to a real unreinforced masonry building, which has
been equipped with acceleration sensors during planned demolition.

1.2.1 Case study and instrumentation
The studied building, erected in Zurich (Switzerland) in 1922, comprises two
storeys and an attic with outer dimensions of 10.2 m in length and 8.0 m in
width. An overview of the geometry is given in Fig. 1.1. The internal and
external load-bearing shear walls consist of simple- and double-layered clay
masonry respectively, while the 
oors are formed by timber beams, aligned
parallel to the transverse direction of the building. The facades along the
longitudinal direction, which is parallel to the street, contain openings that
reduce the sti�ness. The regular and symmetric geometry in plane and in ele-
vation is common for buildings of this age, which compose today a substantial
part of the residential building stock in Switzerland and central Europe in
general [50, 51].

The studied building was instrumented during its demolition via 10 tri-
axial MEMS accelerometers (ADXL 354), placed in identical positions at
levels 1 and 2 (as de�ned in Fig. 1.1b), at the positions marked in Fig. 1.1c.
Each triaxial sensor node was aligned with the longitudinal and transverse
directions of the building, measuring horizontal accelerations along the two
main axes Y and Z, as de�ned in Fig. 1.1c. Typical sensor placement is
depicted in Fig. 1.1d. The data acquisition was conducted by means of a
National Instruments cDAQ-9188 at a sampling rate of 1720 Hz. Weather
conditions (cloudy at 15°C) were stable throughout the (relatively short) du-
ration of measurements and thus, environmental conditions are considered
not to alter material properties.
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Figure 1.1: Overview of the building geometry and sensor layout: (a) Three-
dimensional view. The front facade corresponds to the road side of the
building, (b) Cross section. All sensor nodes were placed at the story levels
1 and 2, (c) Typical ground 
oor. The red crosses indicate the positions of
the triaxial sensor nodes, at levels 1 and 2. All sensors were aligned to the
main axes of the building: Y and Z, (d) Typical sensor placement
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Figure 1.2: Shovel-hits on the undamaged building: (a) time-series of a char-
acteristic shock, (b) location of shovel-impact.

1.2.2 Demolition of masonry buildings
The demolition of masonry buildings is performed by gradual removal of
structural elements from top to bottom with the shovel of an excavator.
Non-structural elements, including furniture, glass windows, 
oor covering
and roof tiling are extracted beforehand, leaving the structure at a bare
state. This facilitates the inspection of structural materials and geometry.
Such non-structural elements have been shown in the past to bear minor
in
uence on the dynamic response of existing masonry buildings [49].

During demolition, buildings are subjected to hits and pulls of arbitrary
direction and intensity, resulting in a rich variety of impulse responses. Fig.
1.2 contains an example of a hit with the excavator shovel. The resulting
acceleration time-series (Fig. 1.2a) indicate higher response amplitude along
the transverse direction, which coincides with the direction of the hit. The
amplitude is stronger in the vicinity of sensor 9, which is placed closer to the
impact location. In the longitudinal direction (axis Y), the time-delay of the
impact between sensor 9 and sensor 10 is evident. Additionally, sensor 10, for
which the Y-component of the acceleration is oriented along the out-of-wall
plane, exhibits higher acceleration in this direction than the sensor closest
to the impact, indicating the possible absence of diaphragmatic behavior of
the 
oor slabs for higher amplitudes of excitation.

Although excitation amplitude, location and direction cannot be mea-
sured directly, the intensity metrics of the building response can be utilized
to cluster the response impulses into groups of similar amplitude. To this
end, the peak and root mean square (RMS) acceleration response during each
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main: (a) Classi�cation of detected impulses to amplitude bins, (b) Impulse
response of sensor 9 (level 2, demolition side) for two amplitude levels.

impulse has been extracted and analyzed. For the demolition case analyzed
in this paper, the recorded impulses are clustered into four amplitude-based
bins, as demonstrated in Fig. 1.3a. A total of 689 impulses have been
recorded during the �rst 90 minutes of the demolition, when the works were
limited to disassembling the roof and no structural damage beneath level 2
was observed. The range of the response amplitude in terms of RMS accel-
eration during each impulse varies between 0 and 0.04 g, up to 2 orders of
magnitude higher than ambient vibrations. However, most of the identi�ed
impulses caused low levels of excitation (below 1 mg).

The signal measured by sensor 9, placed at level 2 on the demolition side
(see Fig. 1.1c), is illustrated in Fig. 1.3b under hits of varying excitation
level. The displacement response is derived through double integration of
the acceleration signal, following the removal of linear trends through high-
pass �ltering with a cuto� frequency equal to 1 Hz. Since the characteristic
frequencies of the structure lay above 5 Hz and the studied response does
not include structural damage, the distortion of the signal due to high-pass
�ltering is considered minimal. Although the calculation of displacements
based on numerical integration of acceleration recordings is not precise, it
can be used to provide an estimate for the order of magnitude reached by the
total displacement. As the maximum computed displacement is lower than
0.05 mm and the equivalent linear range, according to subsequent analysis
(section 1.4.3), covers the displacement range up to 1 mm, it can be assumed
that the structure responds in the elastic range during demolition and no
damage due to excessive loading is expected.
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Figure 1.4: Proposed framework for the inverse update and seismic evaluation
of models for various response amplitude levels.

1.2.3 Model updating based on dynamic measurements
during demolition

The work
ow that is proposed for the inverse task of updating a �nite-element
(FE) model based on identi�ed modal properties at di�erent response ampli-
tudes is illustrated in Fig. 1.4. Initially, a baseline identi�cation on ambient
recordings, prior to the beginning of any demolition activity, is conducted.
This baseline identi�cation provides estimates of the modal characteristics
that are used for discarding erroneous identi�cation results during demoli-
tion.

The signals recorded during the demolition are segmented into separate
impulse responses that are further analyzed in the time domain with the
Eigensystem Realization Algorithm (ERA) [52, 53], which provides identi�-
cation of modal properties (frequency, mode shape and damping) for each
impulse response. In order to account for the e�ect of Hankel matrix trunca-
tion, each impulse response is analyzed multiple times following a grid sam-
pling of possible values for the Hankel matrix length. The identi�ed modal
properties are considered valid if the corresponding mode complies with three
criteria: (i) mode-shape correspondence with the baseline modal identi�ca-
tion is ensured by modal assurance criterion (MAC) [54] values over 80%;
(ii) frequency �t, as de�ned by the compliance criterion of Eq. 1.1, with the
baseline identi�cation results should exceed a minimum threshold, set equal
to 80%; and (iii) the Pearson’s correlation coe�cient between ERA predic-
tion and the original measured response is constrained to exceed a threshold,
which is also set to 80%.

CCj
i = 0:5 � [1�

jf ji � f
ref
i j

f refi

] + 0:5 �MAC(�refi ; �ji ) (1.1)
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In Eq. 1.1, f refi and f ji represent the identi�ed frequency of mode i from
baseline identi�cation and hit j respectively. In a similar manner, the Modal
Assurance Criterion MAC(�refi ; �ji ) compares the ith modal vector from the
baseline identi�cation procedure against the one extracted from hit j.

The de�nition of these tests and their corresponding thresholds is essential
and needs to balance two competing goals: exclude erroneous identi�cation
results, which would arti�cially increase the uncertainty in identi�ed modal
properties, and include with high probability the changes in modal proper-
ties that originate from increasing amplitudes of excitation. The �rst two
criteria compare the ERA identi�cation results with the reference model and
thus, increasing the thresholds could potentially exclude information related
to phenomena that cannot be captured by the baseline identi�cation on am-
bient excitation data. Additionally, targeting too high correlation between
ERA predictions and measurements could lead to over�tting, due to short
duration of the impulses and inherent noise of the recorded signals with low-
cost sensors. The recommended range for these thresholds is set in this work
between 70% and 90%. A sensitivity analysis within this range showed no
signi�cant in
uence on either the overall performance of the algorithm or the
identi�cation results.

A parametric �nite element model (FEM) of the studied structure is
developed and proper ranges for the uncertain parameters, pertaining to ma-
terial properties, boundary conditions and mass, are de�ned. The accepted
identi�cation results are clustered based on response amplitude metrics such
as peak acceleration and RMS acceleration during the impulse (Fig. 1.3a).
For each intensity bin, the uncertain parameters of the FEM are inferred
using Bayesian model updating. The updated models can be used for the
nonlinear seismic assessment, considering the code provisions and safety fac-
tors.

1.3 System Identi�cation at Healthy State

Despite remaining in a healthy (undamaged) state for their entire service
life, many buildings exhibit elastic (reversible) nonlinear behavior for dy-
namic excitation levels that exceed ambient shaking [25]. Masonry is an
orthotropic and heterogeneous construction material and, as a consequence,
masonry buildings are prone to an even more prominent in
uence of the exci-
tation amplitude on the structural response. Therefore, in this section, modal
identi�cation of a same building (see Fig. 1.1) is performed under ambient
vibrations with classical output-only modal identi�cation techniques and sub-
sequently, modal properties are also derived for excitations originating from
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demolition activities. Such excitations exceed the level of typical ambient vi-
bration levels. It is highlighted that the present work focuses exclusively on
the response during the �rst 90 minutes of the deconstruction process, before
the demolition reached structural parts. Therefore, the observed nonlineari-
ties, which are amplitude dependent, are not related to permanent structural
damage and the structure is considered to remain in healthy state; especially
as the changes in dynamic properties are reversible.

1.3.1 Baseline identi�cation
A baseline identi�cation of the modal characteristics, considering ambient
recordings before the beginning of the demolition, is conducted by imple-
menting the Stochastic Subspace Identi�cation algorithm [24] for the given
sensor con�guration (Fig. 1.1c). A standard pre-processing has been con-
ducted, consisting of bandpass �ltering between 1 and 40 Hz, exclusion of
linear trends and down-sampling from 1720 to 172 Hz. The identi�ed modal
characteristics of the �rst four stable modes are summarized in Fig. 1.5. The
characteristic frequencies of the structure are found to lie between 6 and 20
Hz. The �rst two modal shapes correspond to the main translational degrees
of freedom of the building (�rst mode in the longer direction, Y, and second
mode in the shorter direction, Z, as de�ned in Fig. 1.1). The third modal
shape seems associated with a torsional mode and the fourth modal shape
includes a combination of rotational and translational degrees of freedom. It
is mentioned that the building is softer in the longitudinal direction (axis Y),
which is attributed to the large openings of the corresponding facades (Fig.
1.1(c)). This baseline identi�cation serves as reference for the subsequent
time-domain analysis (as described in section 1.2.3) at the beginning of the
deconstruction process, before any visible structural damage to the �rst two

oors occurred. Due to the use of low-cost MEMS accelerometers on such a
sti� low-rise building, modal identi�cation is typically limited to few modes
of vibration.

1.3.2 Operational modal analysis during demolition
During demolition, the response amplitude exceeds typical levels of ambient
vibrations, even before the structure sustains observable damage or perma-
nent changes in sti�ness and mass. Although it is impossible to quantify the
input directly, response impulses of various amplitudes are utilized to iden-
tify the modal characteristics at di�erent amplitude levels. Typical impulse
responses for di�erent amplitude levels are shown in Fig. 1.3b.
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Figure 1.5: Overview of the identi�ed modal characteristics based on mea-
surements under ambient vibrations prior to demolition. Each column
demonstrates the corresponding modal shape from di�erent viewpoints.

The e�ect of strong hits with the excavator shovel on the modal prop-
erties is studied in detail in Fig. 1.6. The �rst impulse corresponds to the
acceleration response history plotted in Fig. 1.2a. The frequency-domain
characteristics are derived through application of the Frequency-Domain-
Decomposition method [23] over a time-window of 1.5 s and with a frequency
resolution of 0.1 Hz. In order to increase the frequency-domain resolution,
zero-padding is applied. The frequency-domain characteristics are calculated
for a sliding window with a time increment of 0.01 sec.

Fig. 1.6b contains the �rst singular value of the spectral densities, provid-
ing an indication of the energy spread within the frequency domain. The hits
are more prominent in the higher frequencies, as the fourth mode (at 17.6
Hz) shows the highest spectral density for the �rst hit, while the third mode
(at 9.3 Hz) contains most energy for the second hit. The spectral-energy
content, together with the duration of high-amplitude vibrations, present
the highest discrepancy between vibrations created by shovel impacts and
earthquake excitation, as for the latter case, fundamental modes carry more
energy. Nevertheless, data recorded under impulse-like excitation during de-
molition processes are deemed representative of changes in overall dynamic
behavior due to changes in response amplitude.

In Fig. 1.6c, the evolution of the frequency values, compatible with the
�rst translational mode (along the Y-axis), is traced over time. As the ex-
citation is not symmetric, only the Y-components of the measurements are
used to compare the modal shapes. Prior to the hit, as vibrations remain at
low-amplitude levels, the compatible frequency values are densely grouped
around the corresponding baseline identi�cation frequency (indicated by a
dotted green line). The highest spectral energy points are indicated with
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Figure 1.7: Frequency evolution with increasing response amplitude. The red
line indicates the median, while the blue box marks the �rst and third quartile
and thus, contains 50% of the identi�ed values. The whiskers indicate the
2.7 � limits, over which the data are discarded as outliers.

red dots, forming point estimates for the evolution of the corresponding fre-
quency value. Finally, the red-dotted boxes enclose the time-window of the
�rst hit, which contains mostly Z-direction components. A short-term reduc-
tion in frequency during higher-amplitude excitation can be observed in Fig.
1.6c. A similar - even more pronounced - behavior can be observed for the
second mode (Fig. 1.6d), which corresponds to translation along Z-direction.
As evidenced by the evolution of the �rst two natural frequencies, higher am-
plitudes of excitation lead to a short-time drop in the estimated frequency,
before returning to a level that is similar to the pre-hit level.

Fig. 1.6e shows the evolution of the frequency values for which the modal
displacements are compatible with the third/rotational mode (Fig. 1.5c). As
the hits do not provide similar excitation in both directions, no compatible
mode-shape can be found during the �rst hit (red-dotted box). However,
a reduction in frequency after the hit is evident. The e�ect of a singular
hit on the frequency exposes the short-term in
uence of response amplitude
on modal properties. In order to highlight the systematic in
uence of vi-
bration amplitude on the global dynamic response, a statistical approach,
as described in section 1.3.2, is required. As the hits can be assimilated to
impulse-like responses, the ERA method is used to derive the natural fre-
quencies, the equivalent viscous damping and the modal displacements for
each detected hit. The in
uence of response amplitude on the identi�ed nat-
ural frequencies of the �rst four global vibration modes is shown in Fig. 1.7,
together with the corresponding baseline identi�cation, based on ambient
recordings.

Due to the short duration of the impulses, their arbitrary input (location,
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direction and amplitude) and the inherent measurement noise, the opera-
tional modal analysis procedure is only able to identify the excited modes
during the studied impulse, that in certain cases include transient local phe-
nomena. In order to ensure consistency of the identi�ed modal properties
and to limit identi�cation to the global modal shapes, three criteria for modal
identi�cation are implemented. As described in section 1.2.3, these criteria
involve the baseline identi�cation results and the goodness of �t between
ERA predictions and real response. All detected hits during the �rst 90 min-
utes of the deconstruction process (before the demolition reached structural
parts of the two main 
oors) are clustered into groups of similar response
amplitudes (see Fig. 1.3a). It is noted that the changes in modal param-
eters are reversible and thus, can be attributed to the response amplitude
and not to potential minor changes to the building introduced by demolition
activity. Most impulses correspond to low-amplitude levels, with RMS ac-
celeration below 1 mg. The �rst three modes are detected in the majority of
the impulses, while the 4th mode is identi�ed in nearly 40% of the hits.

The descriptive statistics of the identi�ed natural frequencies, as well
as the point estimations of the baseline identi�cation are summarized in
the boxplots of Fig. 1.7. The baseline identi�cation tends to overestimate
the frequency, as it lays above the 75th percentile for the modes 1, 3 and
4. This shows that even for small-amplitude hits, the dynamic response of
the building demonstrates a softening behavior. For the �rst two modes, the
reduction of median frequency between the �rst and the fourth amplitude bin
is respectively 5% and 7%. Given the approximate value of inter-story drifts
of 0.5-1 10-5, these values of reduction in sti�ness are in line with previous
studies [55, 26]. The variability of the observed frequency remains mostly
constant in relative terms (coe�cient of variation below 0.05 for most cases),
with a decrease for high amplitudes for the second mode and an increase in
variability for the third mode. The increase in variability for the torsional
mode can possibly be linked to the uni-directional nature of hits.

The identi�ed modal displacements for the �rst mode are reported in Fig.
1.8, together with the point estimates of the baseline identi�cation. As ex-
pected, the displacement coordinates of the �rst �ve nodes are lower, as they
are placed at the �rst level of the building (Fig. 1.1). In general, the uncer-
tainty of modal displacements reduces with increasing amplitude, which is
consistent for all four identi�ed modes. Node 9, placed at the second level of
the building, yields lower modal displacements and higher uncertainty com-
pared to the other nodes placed at the same level. This behavior, which is
not observed in higher modes, is attributed to the position of the sensor, ad-
jacent to the demolition works, and to the missing diaphragm. The baseline
identi�cation seems to �t adequately the modal displacements for the �rst
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Figure 1.8: Identi�ed modal displacements for the �rst mode, for di�erent
amplitude bins. The direction refers to the axes de�ned in Fig. 1.1. The
baseline identi�cation is denoted via green crosses. The red line indicates
the median, while the blue box marks the �rst and third quartile and thus,
contains 50% of the identi�ed values. The whiskers indicate the 2.7 � limits,
over which the data are discarded as outliers.

mode. Although, for higher modes, the reference identi�cation lies outside
the �rst or third quartile for certain nodes, indicating the limitations of point
estimates against the statistical approach applied.

The reduction in frequency is accompanied by an increase in damping, as
shown in Fig. 1.9. As expected, damping estimates have a large uncertainty
and the values derived from ambient vibrations give unrealistic estimates for
real damping under impulse loading. The damping estimates for the �rst
three modes are similar, with median values around 1.5% for low-amplitude
hits and roughly 2% for hits with higher amplitudes. This increase in damp-
ing may be explained by energy absorption from nonlinear behavior due
to opening and closure of micro-cracks or due to hysteretic behavior of soil,
which is shown to exist even for very low strains, in the theoretical linear elas-
tic regime [28]. Nevertheless, further studies would be necessary to explore
energy dissipation at relatively low vibration amplitudes. Damping-ratio val-
ues are in agreement with previous work on masonry buildings [56]. Also,
values fall in between typical code-assumptions for damping (5%), which form
an upper bound (including also hysteretic energy absorption) and damping
ratios observed for shake-table tests (below 1% as reported by Kouris et al.
[57], which can be considered a lower bound, due to absence of foundations
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Figure 1.9: Damping evolution with increasing response amplitude. The red
line indicates the median, while the blue box marks the �rst and third quartile
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and non-structural elements.

1.4 Structural model and data-driven parameter up-
dating

The scope of this section is to shed light on the impact of conventional
assumptions regarding highly uncertain model properties on the dynamic
response predictions of existing masonry buildings and explore the bene�t of
dynamic measurements on the reduction of these uncertainties and �nally on
the outcome of seismic evaluations. The simpli�ed model, which is used to
predict modal properties, belongs to the category of EF models.

1.4.1 Model description
EF models, with plasticity lumped into zero-length springs, are widely used
for nonlinear design and assessment of existing masonry buildings. Despite
the strong underlying assumptions, this method is popular, due to its simple
modeling principles, the intuitive representation of the structural skeleton,
the transparent consideration of a limited number of uncertain parameters
and the successful capture of the structural response in the nonlinear regime
[58, 59, 60, 61]. However, such models fail to represent all possible failure
scenarios of masonry buildings, such as out-of-plane failure or bi-directional
bending.

The studied structure is modelled using the commercial structural analy-
sis software SAP2000, version 22 [62], as a three-dimensional EF model (see
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Fig. 1.10 for the modeling assumptions). The structural walls are discretized
into piers and spandrels with cross sections dictated by the real dimensions
of the structure. The walls in the basement are considered elastic above and
rigid beneath the ground level horizon. The foundation impedance is simu-
lated with three translational and three rotational springs, that are placed
at the geometrical center of the foundation, according to the analytical for-
mulations proposed by Gazetas [18]. These formulations have been validated
experimentally through statically imposed loads [63], as well as through dy-
namic experiments in centrifuge, under realistic stress soil conditions [28].

Uncertain parameters pertaining to material properties, boundary con-
ditions and mass are considered random variables with uniform distribu-
tions in prede�ned ranges that are chosen according to Swiss building codes
[64, 65, 66, 67] and engineering judgment. The uncertain parameters and
the corresponding ranges are summarized in Table 1.1. For the walls, apart
from the modulus of elasticity and the unit weight, the overlapping between
spandrels and piers, which de�nes rigid regions, are considered uncertain.
The length of the rigid regions ranges from 30% to 100% of the maximum
overlapping length (see Fig. 1.10). The timber beams of the slabs are aligned
parallel to the short direction of the building (Z-direction in Fig. 1.1), which
results in an orthotropic behavior. In order to account for the sti�ness and
mass distribution of timber 
oors, equivalent orthotropic slabs with constant
thickness of 20 cm are adopted. The ranges for the elastic properties and unit
weight are calculated in accordance to the timber 
oor dimensions (square
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Table 1.1: Prior and posterior ranges for modeling parameters, based on
the baseline identi�cation. The posterior ranges of the parameters that are
considered independent from the response amplitude are highlighted.

Walls

E[GPa] W[kN/m3] rpier[%] rspr[%]

Prior 0.6 - 3 15-18 30 - 100 30 - 100
Post 1.41 - 1.66 15-15.8 91 - 100 37 - 60

Foundation & Soil

G [MPa] v [-] w [kN/m3] rfound[%]

Prior 50 - 100 0.15 - 0.45 14 - 19 30 - 100
Post 65 - 69 0.19 - 0.28 18.7 - 19 30 - 40

Equivalent slabs (t = 20 cm)

Ektimber [GPa] E ?timber [GPa] w [kN/m3] Roof-top load [kN/m2]

Prior 1 - 5 1 - 2 1 - 3 1 - 3
Post 2.23 - 4.22 1.51 - 1.59 2.1 - 3 2.7 - 3

beams with 25 Ö 25 cm section at a distance of 70 cm). The equivalent elas-
tic properties and unit weight of the soil are considered very uncertain and
thus, wide prior parameter ranges comprising all possible soil compositions,
are de�ned according to Studer et al. [68]. Finally, the e�ective foundation
embedment, accounting for loose contact with soil is bounded between 30%
and 100% of the total embedment D [18], as schematized in Fig. 1.10.

1.4.2 Bayesian model updating
In order to determine the model parameters that best �t the identi�ed modal
properties, a Bayesian inference framework [32] is implemented through the
UQLab toolbox [69, 70]. In this framework, uncertain model parameters are
considered as random variables with uniform prior distributions, per Table
1.1. These prior distributions are updated using measurement data, so that
the posterior distributions combine the prior information and the information
extracted from the modal identi�cation data (frequencies of the �rst two
modes and the corresponding modal displacements).

The computation of the posterior distributions is achieved via Markov-
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Chain Monte-Carlo sampling [71], by considering 10 Markov chains with
10’000 samples. In order to reduce the computational burden, a surrogate
Polynomial Chaos Expansion model trained on 2000 runs of the original FEM
was constructed and implemented in the MCMC simulation. The leave-one-
out error between the surrogate model and the FEM model is calculated to
be lower than 10-4 for the identi�ed frequencies and lower than 0.025 for the
identi�ed modal shapes (normalized to the maximum modal displacement).
This discrepancy is deemed acceptable compared to other sources of uncer-
tainty. The computational model (M) provides response predictions (y) for
a given set of input parameters (x). To account for measurement errors and
model inaccuracy, a discrepancy term (") is considered, as a Gaussian ran-
dom variable with zero mean and diagonal covariance matrix with constant
variance equal to 0.0025:

y = M(x) + " " � N("j0;�) (1.2)

Consequently, all identi�ed modal properties (characteristic frequencies
and modal displacements) included in the output vector yi for the i measure-
ment are considered as equally weighted realizations of independent Gaus-
sian distributions with mean values estimated from M(x) and covariance
matrix �. For N independent identi�cation results (measurements, Y =
yi; � � � ;yN ) and M identi�ed modal properties (yi = yij; � � � ; yiM), the like-
lihood is estimated from the multivariate Gaussian distribution, which is
formed as the product of the above marginal Gaussian distributions and can
be written as:

L(x; Y ) =
NY

i=1

MY

j=1

N(yijjM(x);�) (1.3)

Uncertainties are a crucial aspect of model updating [72, 34]. A-priori
estimation of more precise uncertainty structures (bias and correlation) or
identi�cation of exact variance estimates [73] are outside the scope of this
paper. In addition, selection of the optimal model-class for the problem at
hand [74, 75] is not performed. Simpli�ed models, such as the EF model used
here, fail to capture all the physics of real building responses. As the discrep-
ancy between EF models and real behavior is smallest for the fundamental
translational modes, only the �rst two modes are used for Bayesian model
updating. In addition, the assumption of zero-mean uncorrelated uncertain-
ties does not compromise the purposes of this analysis, which focuses on the
comparison of the inferred model parameters for di�erent response amplitude
levels, rather than exact predictions for risk-based decision making.

For the Bayesian model updating, the displacements and frequencies of
the �rst two modes that correspond to the translational modal shapes of the
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structure are considered. Higher modes include rotational movements that
are poorly captured by EF models, while they typically have lower modal
mass and thus, have a reduced in
uence on the seismic assessment through
nonlinear pushover analysis [76, 77].

Starting from the uniform distributions de�ned in Table 1.1, the a�ne-
invariant ensemble sampler [78] is implemented, in order to generate su�-
cient samples from the posterior distributions of the uncertain parameters.
Initially, the baseline identi�cation results (obtained for ambient vibrations)
are used to infer parameter values that are independent from excitation am-
plitude. The posterior ranges are very narrow, providing precise point esti-
mates of unit weights, top ceiling load and Poisson’s ratio of the soil. These
parameter values are considered constant for the subsequent analysis, as they
are not expected to vary with increasing intensity. The prior and posterior
distributions of all uncertain parameters pertaining to baseline identi�cation
are reported in Table 1.1.

In order to highlight the e�ect of response amplitude on the inferred sti�-
ness properties, the Bayesian inverse analysis is conducted for each amplitude-
related bin de�ned in Fig. 1.3a. The posterior distributions of the inferred
sti�ness properties are sampled via the a�ne-invariant ensemble sampler [78]
applied on the identi�ed modal properties corresponding to each bin. The
posterior distributions of the equivalent elastic modulus of masonry and the
G-modulus of the soil for the amplitude bin 4 (highest amplitudes) are illus-
trated in Fig. 1.11. It can be observed that the posterior ranges are very
narrow and thus, the mean value is considered as an adequate point estimate.
The mean point estimates of all uncertain parameters for all amplitude-bins
are summarized in Table 1.2.

As discussed in section 1.3.2, the identi�ed modal frequencies tend to
drop with increasing response amplitudes, indicating nonlinear behavior in
the equivalent elastic range of the response, before any damage occurs. To
this end, the results from Bayesian model updating for increasing response
amplitudes provide valuable insights into the properties that cause these
shifts. As stated in previous work of the authors [28], inertial soil-structure
interaction e�ects cause transient shifts of the equivalent elastic properties
of the system Structure-Foundation-Soil, even at very low amplitude, in the
equivalent linear elastic regime. However, in this case study, the governing
parameter for the system softening due to increasing response amplitudes is
the elastic modulus of masonry. The comparison of the inferred values of
elastic modulus for increasing amplitude exposes a sti�ness reduction of 18%
between amplitude bins 1 and 4 (Fig. 1.12). The corresponding shift of the
predicted frequencies is signi�cantly lower (below 5%) and less evident, as
no clear decreasing tendency can be justi�ed between bins 1 and 4. Hence,
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Figure 1.11: Posterior distribution and correlation of the equivalent elastic
sti�ness properties of masonry and the soil for intensity bin 4 (highest am-
plitudes). Prior distributions are [0.6, 2.0] GPa for E-modulus of masonry
and [50, 100] MPa for the G-modulus of the soil.
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Table 1.2: Posterior mean point estimates of sti�ness related parameters for
increasing response amplitude.

Walls

Ampl. bin E[GPa] rpier[%] rspr[%]

1 1.64 95 31
2 1.64 97 30
3 1.65 96 32
4 1.34 97 31

Ampl. bin Foundation & Soil

G [MPa] rfound[%]

1 67.8 30
2 66.1 30
3 67.4 33
4 67.7 30

Equivalent slabs (t = 20 cm)

Ampl. bin Ektimber [GPa] E ?timber [GPa]

1 1.6 1.0
2 1.0 1.0
3 1.2 1.0
4 1.2 1.1
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Figure 1.12: Shifts in frequency predictions and changes in the inferred
values of the E-modulus of masonry for increasing amplitude, considering
amplitude-bin 1 as reference.

Bayesian model updating, based on identi�ed modal properties, provides
robust estimates of the equivalent elastic properties that are sensitive to
changes in sti�ness, due to increasing response amplitude.

1.4.3 Impact of parameter updating on seismic assess-
ment

Knowledge of the in
uence of the amplitude of shaking on the assumed sti�-
ness of masonry can �nd several practical applications, such as reducing
the probability of false positives in automatic data-driven damage-detection
schemes. Moreover, a better understanding of the amplitude-dependent sti�-
ness of masonry buildings may enable a more re�ned prediction of the seismic
displacement demand, especially under use of simpli�ed Fig. 1.13 E�ect of
response amplitude on the seismic performance, estimated through nonlinear
pushover analysis static nonlinear methods, such as the N2-method proposed
by Fajfar and Ga�sper�si�c [79]. Since regional risk assessment models widely
rely on bilinearized capacity curves, for which assumptions regarding reduced
sti�ness are taken, these would also pro�t from monitoring-driven knowledge
of amplitude-dependent sti�ness drops.

In this section, an EF model, based on the Tremuri method [54], is used
to perform a static nonlinear seismic assessment (Fig. 1.13a). Although
simpli�ed, such a model helps in investigating the e�ect of updated elastic-
parameter values on the seismic assessment. Given that the openings are
essentially placed in the longitudinal direction (Y-direction in Fig. 1.1),
pushover results are shown only for this direction, as the building strength
is considered su�cient in the transversal direction. Piers and spandrels cor-
respond to the scheme shown in Fig. 1.10. The seismic assessment is done
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Figure 1.13: E�ect of response amplitude on the seismic performance, es-
timated through nonlinear pushover analysis. (a) 3D representation of the
computational model: the clamped horizon is placed at the ground level, (b)
Pushover curves, corresponding spectral demands and Safety Factors (SF)
for varying E-modulus of masonry.

using the basic assumptions prescribed by Swiss building codes [64, 65, 66, 67]
and therefore, the compressive strength of masonry is taken as 0.001 times
the elastic modulus and the G-modulus as 0.4 times the elastic modulus.
In addition, the building is considered to be rigidly anchored to the ground
and the clamping horizon corresponds to the ground level in Fig.1.10. Local
collapse mechanisms (such as out-of-plane failure of walls) are not examined,
as they do not belong to the scope of this analysis and are not captured by
EF models.

The pushover curves, obtained via imposed displacements that are pro-
portional to the �rst mode shape, are reported in Fig. 1.13b. The spectral
demand is calculated from the Swiss design spectrum for seismic zone 2 and
soil class E [64]. The ultimate displacement of the capacity curve is de�ned
as failure of the �rst load-bearing element. As can be seen in Fig. 1.13b, elas-
tic parameters, namely the elastic modulus of masonry, have an important
in
uence on the overall nonlinear capacity curve. In order to demonstrate
the e�ect of the uncertainty in the elastic sti�ness on the calculated seismic
performance, the lower and upper bound for the elastic modulus, accord-
ing to relevant literature and existing building standards [67, 80], have been
considered. The estimated safety factor varies between 0.3, with practically
no ductility, and 1.7, with ductility over 3. These extreme cases expose the
uncertainty pertaining to seismic assessment without prior information on
the equivalent elastic sti�ness. To this end, model updating is necessary in
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order to obtain robust estimates of the sti�ness and reduce the uncertainty
of the expected seismic performance.

When comparing the predictions resulting from model updating for bin
1 and 4, the E modulus drops by 18% (see section 1.4.2 and Table 1.2).
This change in the elastic modulus translates to a reduction of the safety
factor from 1.13 to 0.97. This signi�cant reduction indicates the impact of
sti�ness changes at very low-amplitude excitation on global seismic perfor-
mance. While the ultimate displacement and the maximum shear strength
do not vary much, the reduction in sti�ness increases the yield displacement
and thus, reduces the post-yield displacement capacity. In addition, the dis-
placement demand depends directly on the elastic branch of the equivalent
bilinear capacity curve. Therefore, lower sti�ness values (for an overall sti�
building typology, such as the low-rise shear building under study) translate
to higher displacement demands.

It has to be noted that both nominal and monitoring extracted values
of the E-modulus are further reduced by 50% for the pushover analysis, to
account for the cracked state of the material. The value of 50% can be
considered to be arbitrary and the extent to which it covers sti�ness changes
under low amplitudes is debatable. Stronger hits and measurements under
earthquake loads would be required to quantify the sti�ness drop at the
equivalent yield point.

Although the recorded hits produce displacements that are lower than
0.1 mm, corresponding to the very beginning of the predicted pushover curve
(Figs. 1.3b and 1.13b), nonlinearities have been observed (section 1.3.2) and
found to cause signi�cant sti�ness-reduction (section 1.4.2). Thus, the im-
pulse responses generated during the demolition process expose nonlinearities
in the commonly assumed linear elastic range. While the pushover analysis
is highly simpli�ed, and application to additional buildings is required to for-
malize the �ndings, it is concluded that systematic measurement of buildings
that are being demolished can help in acquiring a better understanding of
the dynamic properties, and by extension of the seismic safety, of existing
structures.

1.5 Conclusions

The in
uence of changes in the amplitude of shaking on the dynamic proper-
ties of a masonry structure and as a result on its elastic parameters, obtained
by updating a physics-based model, has been studied in this paper. Based
on the presented monitoring campaign on a real masonry building, equipped
with sensors during planned demolition, the following conclusions are drawn:
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� Nonlinear behavior is observed in the elastic portion of the building
response, without visible damage. Low-cost sensors can evidence such
nonlinearity during demolition activities, which carries the potential for
a systematic analysis of this behavior, particularly in countries with
low-to-moderate seismicity. Nonlinearities can be tracked under one
isolated hit, and by applying a statistical analysis of all possible hits
and stronger vibrations that are created by demolition activities.

� Through updating a physics-based model, the changes in frequencies
and modal shapes that are observed under increasing levels of shaking
are shown to be related to changes in sti�ness of the masonry, and not
to transient changes in the foundation properties.

� Sti�ness parameters, which are obtained through data-driven model
updating, deliver a more sensitive indicator of changes in sti�ness than
modal frequencies.

� The sti�ness reduction at low excitation levels, which is modelled to be
linear in classical engineering assessment approaches, a�ects substan-
tially the global seismic performance of the structure.

With the feasibility of such approaches veri�ed in this �rst stage, future
work is planned in order to systematically study the phenomenon on multiple
buildings. By such an analysis, the in
uence of the building type on the
sensitivity of modeling parameters to the response amplitude can be assessed
and would be a valuable starting point for many applications in structural
health monitoring. In addition, the necessary conditions for inclusion of
higher modes into physics-based models will be investigated, with the goal
to not compromise the computational burden of nonlinear seismic assessment.
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2.1 Abstract

A signi�cant part of the existing building stock in regions of low to moder-
ate seismic hazard has been designed without modern seismic considerations
and is, in the meantime, exceeding its design life-span. The assessment of
seismic performance poses an engineering challenge, due to unknown ma-
terial properties, undocumented structural interventions and the scarcity of
event-based information. Operational modal analysis has been applied in
some cases to verify model assumptions beyond visual inspection. How-
ever, masonry buildings exhibit amplitude-dependent sti�ness even at very
low response amplitudes, raising questions about the validity of such meth-
ods. Planned demolitions provide engineers with the opportunity to lever-
age higher-amplitude vibrations generated during demolition activities to
better understand the dynamic behavior of existing buildings. This paper
introduces a Bayesian model-updating framework, which aims at reducing
uncertainty in seismic analysis, by fusing dynamic measurements with best-
practice structural models. The proposed hybrid framework is applied to
nine real masonry buildings, representative of existing residential buildings,
as typically encountered in Switzerland, that have been monitored during
controlled demolition. A vast reduction in prediction uncertainty is achieved
through data-driven model-updating, additionally exposing intra- and inter-
typological di�erences in terms of seismic capacity and ductility. In addi-
tion, di�erences between updated model predictions and typical engineer-
ing assumptions and generic typological curves are discussed. Overall, this
contribution demonstrates, applies and discusses the practical bene�ts of
a straightforward methodology for fusing monitoring data into the seismic
evaluation of existing masonry structures.

2.2 Introduction

Earthquakes still pose a major threat to the integrity of the built environ-
ment, while the vulnerability of existing buildings exposes communities to
the risk of functional disruptions and societal consequences. In regions with
moderate seismic hazard, existing structures may not be designed according
to modern, if any, seismic standards, thus exposing the built environment to
the risk of human and �nancial toll in the case of an earthquake event. Ma-
sonry buildings, which dominate the European building landscape [1, 2, 3],
are characterized by an increased seismic vulnerability [4]. In addition, when
only limited damage data is available for informing heuristic vulnerability
predictions, a model-based approach for predicting earthquake risk is re-

95



quired. However, it is �nancially and technically infeasible to systematically
evaluate building-speci�c risk. In addition, many sources of uncertainty, such
as the seismic hazard, material properties and foundation impedance under-
mine a rapid and reliable assessment of speci�c buildings.

In the past decades, Seismic Structural Health Monitoring, also termed
as S2HM, emerged as a multi-disciplinary �eld that enables the use of moni-
toring data for structural evaluation prior to and rapid loss assessment tasks
after seismic events [5, 6, 7]. In this context, the use of ambient vibration
monitoring as a data source to identify modal properties has gained popu-
larity for reducing the parametric uncertainty of structural-behavior models
[8, 9, 10, 11]. Ambient vibrations are generated by environmental sources,
such as wind, micro-tremors, or human activity, like tra�c, and are charac-
terized by an almost 
at broadband frequency spectrum and very low am-
plitudes of vibration. Standoli et al. [12] showed the possibility to reduce
uncertainties of orthotropic masonry formulations with ambient vibraitons
measurements on a historic masonry tower using surrogate models, getting
good agreement with the expert opinion of the vertical sti�ness distribu-
tion. In addition, changes in modal properties have been fused with mod-
els to assess the e�ciency of seismic retro�ts of existing buildings [13, 14]
and post-earthquake building capacity [15, 16]. Model-updating based on
ambient vibrations has helped to derive the parameter values that provide
the best �t to the measured data [17, 18, 12], or implementing probabilis-
tic model-updating approaches [15, 19, 20]. Although some limitations have
been reported regarding the assumptions underlying uncertainty [21, 15, 22],
Bayesian model-updating (BMU) provides a powerful and widely applied
probabilistic tool to solve inverse data-interpretation problems [23, 24, 25].
However, such approaches are building-speci�c, while no comparative study
on the e�ect of model-updating on the seismic analysis results across multiple
monitored masonry buildings exists to date. In addition, modal properties
depend on the amplitude of vibration [26, 27, 28] and are further a�ected
by environmental variability [29, 30], which may undermine model-updating
based on ambient vibrations. A number of works tackle the in
uence of
varying environmental and operational conditions (EOC), when updating
the model parameters [31, 32, 33], however less work focuses on amplitude
dependency.

While even more simpli�ed modeling approaches exist [34], the seismic
assessment of individual existing masonry buildings often relies on equivalent
frame (EF) models [35, 36, 37]. Despite the strongly simpli�ed underlying
hypotheses of EF models [38], their reduced number of mechanical parame-
ters and relatively small computational burden makes them a popular choice
in practical applications [39], especially in combination with static nonlinear
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approaches, such as the N2-method [40, 41, 42], which bypass the need for
burdensome dynamic nonlinear time-history analyses. In addition to mate-
rial properties, which may be altered by aging and structural interventions,
the seismic response of existing masonry buildings is strongly in
uenced by
the 
oor slabs. A high vulnerability is for instance found for buildings com-
prising wooden 
oors, whose in-plane sti�ness and quality of the connections
between 
oors and masonry signi�cantly in
uence the seismic performance.
Structural design codes provide reference sti�ness values for timber 
oors or
propose simpli�ed derivation methods for the in-plane sti�ness [43, 44].

Measurements of the dynamic behavior of buildings can support the ver-
i�cation and extension of the applicability of such simpli�ed methods to
various slab con�gurations. When the seismic risk is evaluated at a regional
scale [45], buildings are merged into typological classes that share attributes
such as construction period, height, material and lateral load-resisting sys-
tem [46, 47, 48, 49, 50]. While capacity curves derived for regional typolo-
gies are not intended to represent individual buildings, they may provide re-
gional bias, when local construction techniques are ignored [1, 51]. Although
simpli�ed methods for regional seismic assessment exist [52] and have been
combined with vibration measurements [53], a rigorous framework for data-
driven model-updating in order to draw conclusions for multiple buildings in
typological context is missing.

This paper employs a BMU framework to leverage modal data extracted
from actual and instrumented unreinforced masonry (URM) buildings for
seismic assessment. The structural response is measured at various levels of
excitation amplitude prior to the development of damage at structural com-
ponents, allowing for the evaluation of the e�ect of amplitude-dependency
on the model-updating scheme and ultimately on the predicted seismic per-
formance. Realistic data and estimates for nine case studies, falling into four
URM building types, are compared. Chapter 2 summarizes the method-
ological framework for performing modeling, dynamic measurements, model-
updating and seismic assessment tasks related to existing masonry buildings
under seismic risk. Section 3 starts with the application of the methodology
on one of the case studies, before a comparison across all nine real masonry
buildings at typological level is conducted. The work concludes with a dis-
cussion of the �ndings.

2.3 Methodological Framework

Dynamic measurements acquired during demolition activities are utilised to
perform BMU of a parametric EF model. To reduce the computational bur-
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Figure 2.1: Illustration of the proposed framework aiming at reducing the un-
certainty that inherently characterizes the seismic assessment of URM build-
ings through the use of dynamic (vibration-based) measurement data.

den of BMU, a surrogate model is created, based on the Polynomial Chaos
Expansion (PCE) technique. A pool of candidate EF models is created and
the seismic evaluation is conducted in a probabilistic manner. The proposed
framework is summarized in Fig. 2.1.

2.3.1 Modeling Principles and Unknown Parameters
Existing residential URM buildings in Switzerland often exhibit regular, even
symmetric, distributions of walls and openings, which justi�es simpli�ed
modeling approaches, such as the EF modeling method [54, 55]. Despite not
capturing torsional modes and local failure mechanisms, EF models are se-
lected for their ease of assembly and the possibility of lumping nonlinearity in
a computationally e�cient manner. The simpli�cation of a three-dimensional
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orthotropic masonry structure into an EF inevitably includes several strong
hypotheses, such as the height of piers, selection of cracked sti�ness and dis-
tribution of slab loads into vertical structural elements, and there lacks con-
sensus regarding best-practice EF modeling [38]. Nevertheless, the limited
computational burden together with the reduced need to de�ne or calibrate
unknown mechanical properties of structural materials [56] makes EF models
a valuable alternative in practice and when multiple forward simulations are
required. In addition, EF models have been shown to realistically capture
failure modes of existing masonry buildings [57]. The choice of a model-
ing approach has an undeniable in
uence on behavior predictions and may
lead to a large scatter given the lack of systematic guidelines for modeling
[58]. The presented framework requires a model that captures the measured
dynamic behavior with su�cient precision. In addition, repeated forward
simulations are needed. Any modeling technique ful�lling these criteria is
deemed acceptable, as the model error is taken implicitly into account in the
comparison with measured modal behavior.

Fig. 2.2a illustrates the front view of a typical Swiss URM building.
Masonry walls composing the facades are the main contributors to the global
lateral sti�ness. The regular disposition of openings justify the segmentation
of masonry panels into spandrels and piers with overlapping regions. Rigid
o�sets model the increased sti�ness in overlapping regions, as illustrated in
2.2b. The free length of piers and spandrels forms the deformable part of the
wall and is modelled according to the Timoshenko beam theory.

The modulus of elasticity of masonry, Emas, a�ects the lateral load-
resisting behavior both in the elastic and the nonlinear regime [11], while
depending on the local and historical material availability and construction
practices. In the absence of su�cient documentation and experimental data,
structural codes provide broad ranges of possible values for the elastic ma-
sonry properties [59, 60]. To accommodate this uncertainty, a uniform range
between 1 and 7 GPa is considered. These values refer to uncracked con-
ditions, while a reduction factor equal to 50% is considered to account for
cracking of masonry during seismic events [61, 62, 63].

The nonlinear behavior of masonry is lumped into hinges at the edges and
in the middle of the elastic parts. A schematic representation of the hinge
positions and capacity curves are given in Fig. 2.2b and c. The strength
criteria for the nonlinear hinges are de�ned according to Lagomarsino et al.
[54] and are reported in Table 2.1. The compression strength of masonry in
the vertical direction is considered linearly related to Emas, as prescribed in
the Swiss building codes [63]:

fk = Emas=1000 (2.1)
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Figure 2.2: Equivalent frame modeling principles: (a) Masonry segmentation
to spandrels, rigid o�sets and piers. The soil impedance is modelled through
equivalent linear springs citech2Gazetas1992d. (b) Schematic representation
of hinge positions in spandrels and piers. (c) Capacity curve for moment and
shear hinges.

In the absence of speci�c guidelines regarding the compression strength in
the horizontal direction, it is assumed that fhk = 80%fk. The shear strength
of masonry is considered �xed and equal to 0:2 MPa. For the seismic as-
sessment, compression and shear strength properties are reduced by a safety
factor equal to 2 [63]. The maximum displacement that each structural ele-
ment can sustain is de�ned through the ultimate drift, �u, which is set equal
to 0:4%, in accordance with the Swiss standards [63].

The structural elements are modelled up to the level of the last slab. All
elements above this level (level 3 in Fig. 2.2a), including attic storys, inclined
roofs and gable walls, are considered non-structural and only their mass are
accounted for (qtop). Non-structural elements and live loads are modelled
as an uniformly distributed mass acting on all slabs of the building (qslabs).
The bounds of the corresponding uniform distributions are reported in Table
2.2. When performing the seismic assessment, an additional distributed mass
equal to 2kN=m2, representing the live loads encountered during in-service
conditions, is applied to all accessible slabs of the building.

The slabs are modelled as membrane elements, contributing to the redis-
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Table 2.1: Equivalent frame model: strength criteria according to Lago-
marsino et al. [54].

Failure Element Yield strength Notes

Rocking Piers Mu = Nlw
2 (1� N

0:85fdlwtw
) fd: compressive strength

lw: wall length
tw: wall thickness
N : acting axial force

Spandrels Mu = Hphb
2

�
1� Hp

0:85fhdhbtb

�
fhd: compressive strength
hb: spandrel height
tb: spandrel thickness
Hp = 0:4fhdhbtb

Shear Piers Vu = 1:5fv0dlwtw
b

q
1 + N

1:5fv0dlwtw
fv0d: masonry shear strength
b = hw=lw with 1 � b � 1:5
hw: pier elastic height

Spandrels Vu = hbtbfv0d

tribution of the lateral forces and displacements. The self-weight of the slab,
as well as all additional vertical loads, are directly assigned to the bearing
elements. For buildings with sti� 
oors, such as reinforced concrete (RC) and
composite slabs, the loads are distributed equally to both directions, while
for the case of 
exible wooden 
oors, 70% of the 
oor mass is applied to the
strong and 30% to the weak direction. Homogeneous concrete slabs are mod-
elled with their true thickness and typical properties (Ec = 30 GPa, � = 0:2,

c = 24 kN/m3). For timber slabs, orthotropic membrane elements with a
�xed thickness equal to teq = 20 cm are considered. The equivalent elasticity
modulus parallel to the timber beams and the equivalent unit weight are
calculated using Equations 2.2 and 2.3:

Etim;eq =
Atim � Etim

teq
(2.2)

wtim;eq =
Atim � wtim

teq
(2.3)

Where Atim refers to the unit cross-section of timber beams in the lateral
direction (m2=m) and Etim and wtim refer to the elasticity modulus and the
unit weight of timber material. The unit cross-section of timber slabs in
the main direction depends on the cross-section and the average inter-beam
spacing. Based on �eld observations in the studied buildings, the envelop
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Table 2.2: Equivalent frame model: prior ranges for uncertain parameters.

Property Unit Min. Max.

qslabs kN=m2 0 1
qtop kN=m2 2 5
Emas GPa 1 7
wmas kN=m3 14 18
�mas � 0:1 0:3
Etim GPa 7 15
wtim kN=m3 3 9
Atim m2=m 0:05 0:1
Gtim;eq MPa 5 50
�tim � 0:1 0:3
wtim kN=m3 3 9
Gsoil;eq MPa 10 200
�soil;eq � 0:15 0:35
wsoil;eq kN=m3 14 20

of the unit cross-section of timber beams is considered variable in the range
reported in Table 2.2. Wide bounds for Etim and wtim are considered, in order
to account for material variability and changes in construction techniques (see
Table 2.2).

The axial 
oor sti�ness in the weaker direction is also uncertain with
bounds of an order of magnitude lower than in the strong direction. The
equivalent shear modulus of timber slabs (Gtim;eq) substantially a�ects the
in-plane 
exibility and thus, the modal shapes and the transfer of horizon-
tal loads. Practical suggestions for an equivalent shear modulus of timber
slabs [44, 43] are undermined by changing construction practices and his-
toric material availability. Consequently, a wide range, from 5 to 50 MPa, is
considered for the equivalent shear modulus of timber slabs.

The EF model includes all structural elements above the ground level,
considered as the clamping horizon of the structure. Existing masonry build-
ings in Switzerland often include a half-buried underground concrete 
oor, as
illustrated in Fig. 2.2a. In addition to higher sti�ness and strength capacity
of concrete when compared to masonry, the amount and size of openings in
this 
oor are signi�cantly reduced compared to the masonry superstructure.
Therefore, no damage is expected to develop at this 
oor and no nonlinear
hinges are placed within the concrete elements. As shown in Fig. 2.2a, only
the part above ground of the semi-underground walls is modelled with frame
elements.
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The bottom points of the structure are considered rigidly connected to
the geometrical centre of the foundation, where the boundary conditions are
applied. In order to account for the impedance of the soil, the boundary con-
ditions are modelled through three translational and three rotational linear
springs, in accordance with the analytical formulations proposed by Gazetas
[64] and experimentally validated by Martakis et al. [65]. The foundation
impedance comprises a static and a dynamic component, which depend on
the geometry of the foundation footprint, the embedment depth and the
equivalent linear shear modulus of the soil, which is rarely known with suf-
�cient con�dence. A wide range of is therefore adopted for the equivalent
G-modulus of soil, as reported in Table 2.2.

2.3.2 Identi�cation of Modal Properties
EF models expectedly su�er model bias, due to the inherent modeling as-
sumptions, such as the idealized representation of the bearing elements as
frame objects. The added uncertainty from model parameters, described in
the previous section, eventually lead to a large scatter in the predicted behav-
ior. Modal identi�cation of dynamic measurements allows for an approximate
evaluation of the model bias by comparing predicted and measured response
ranges, while model-updating techniques lead to calibration/recon�guration
of the employed model, with a reduction of the associated uncertainties.
While highly sensitive sensors allow for the extraction of the modal proper-
ties from ambient vibrations, the validity of the inferred properties is debat-
able, as the sti�ness of masonry depends on the loading amplitude and shows
a reversible nonlinear behavior, even in the theoretical linear elastic regime
[66, 31, 67]. This e�ect has so far been attributed to breathing cracks in com-
posite inhomogeneous materials and not to permanent damage, as the initial
sti�ness is recovered, when the vibrational amplitude decreases. Addition-
ally, the soil sti�ness is known to be strain-dependent [68, 65]. As soil strains
increase with the amplitude of vibration, the soil sti�ness, and consequently
the equivalent sti�ness of the soil-foundation-structure system, depend on
the response amplitude as well. The EF models presented in this work in-
tend to simulate the behavior of URM structures, while taking into account
soil-structure interaction e�ects. While modal properties obtained from am-
bient vibrations are extensively used for inverse updating of linear elastic
models, criticism has arisen for their overestimation of the equivalent elastic
sti�ness properties [32, 66, 31]. In the absence of strong ground motions,
demolition-generated vibrations o�er an opportunity to record the real dy-
namic response of buildings under vibration amplitudes higher than ambient
vibrations. These data enable a probabilistic estimation of the elastic prop-
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erties, including the e�ect of amplitude. In addition, higher-than-ambient
vibrations serve as a reference for quantifying this e�ect on the dynamic
response in the, commonly assumed, linear elastic regime.

A framework for amplitude-dependent modal identi�cation, based on
monitored demolition activities, has been proposed [32, 69]. Following this
framework, a low-cost sensor con�guration comprising multiple triaxial ac-
celerometers (ADXL 354) has been deployed in nine URM buildings under-
going planned demolition. A network of 7 to 10 sensors has been distributed
along the elevation and 
oor plan of the buildings prior to the beginning of
the demolition process. The data acquisition was conducted by means of a
National Instruments cDAQ-9188 at a sampling rate of 1720 Hz. The build-
ings were monitored continuously throughout the demolition process, up to
the point where severe structural damage compromised the global structural
integrity, leading to datasets of 15 minutes for the smallest and 3 hours for
the largest building. Weather conditions were stable throughout the duration
of measurements and thus, environmental conditions are considered not to
alter material properties. A camera captured the damage-condition of the
building.

In all case studies, the demolition has been conducted with an exca-
vation shovel, starting from the top of the structure with the removal of
non-structural elements, such as roof tiles and support, and progressively
reaching the top slab and the supporting masonry walls. Non-structural el-
ements from the interior of the building were removed beforehand. During
demolition, buildings are subjected to hits and pulls of arbitrary direction
and intensity, providing a rich variety of impulse responses. The duration of
the contact is negligible and thus, transient phenomena due to the frequency
content of the excitation are irrelevant. Although excitation amplitude, loca-
tion and direction cannot be measured directly, the intensity metrics of the
building response can be utilized to cluster the response impulses into groups
of similar amplitude. The data used for the purposes of model-updating are
limited to the vibrations generated during preparation works and demoli-
tion activities at the roof-top level, prior to the formation of visible damage
on structural elements. Monitoring this process provided a rich amount of
vibration recordings at amplitude levels over an order of magnitude higher
than due to ambient vibrations.

Fig. 2.3a comprises a schematic representation of a typical demolition-
monitoring con�guration, where sensors are attached to the masonry walls
at the 
oor levels. In Fig. 2.3b a schematic representation of a characteris-
tic acceleration recording is shown, as well as the identi�ed impulses, after
applying a Savitzky-Golay smoothing �lter [70], and the distribution of the
extracted impulses with respect to amplitude, by considering as amplitude
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metric the root-mean square (RMS) acceleration of the impulse response.
Initially, a baseline identi�cation is conducted based on 10 to 20 minute
ambient recordings prior to the beginning of the demolition process, by ap-
plying a covariance-based Stochastic Subspace Identi�cation algorithm [71].
The modal properties identi�ed under ambient conditions are then consid-
ered as a reference for subsequent identi�cation, based on the structural
response during demolition. The dynamic response of the buildings during
demolition moves away from the \ambient" response (meaning response due
to a broad-spectrum input) and, instead, resembles a sequence of impulse
responses due to unknown excitation in terms of amplitude, position and
direction. Based on this assumption, which stems from observations in the
response signals and cannot be veri�ed explicitly, each impulse response is
analysed individually and the modal properties are identi�ed by means of
the Eigensystem Realization Algorithm (ERA) [72], since this algorithm was
originally developed speci�cally for application with impulse response data.
Due to the short duration of the impulses (1 to 3 seconds), their arbitrary in-
put (location, direction and amplitude) and the inherent measurement noise,
the operational modal analysis procedure is only able to identify the excited
modes during the studied impulse. In order to encounter known issues of the
ERA algorithm, related to the selection of the model order [73], a grid search
is conducted for each analysed impulse response, by considering model orders
ranging between 2 and 20. In order to limit identi�cation to the global modal
shapes and to ensure consistency of the identi�ed modal properties, three
criteria, evaluating the goodness of �t between ERA predictions, reference
identi�cation and the real response, have been implemented, as described
in previous work of the authors [32]. Fig. 2.4a illustrates a characteristic
distribution of the identi�ed frequencies for the two translational modes of
an URM building, based on the extracted impulse responses, compared with
the reference identi�cation. Fig. 2.4b illustrates the identi�ed modal shapes
based on the reference identi�cation and impulse responses. The identi�ed
distributions are subsequently considered for the update of the EF model.

2.3.3 Metamodeling and Sensitivity Analysis
Given a set of independent input variables X a computational model M
approximates the response vector Y as follows:

Ŷ = M(X) (2.4)

In the absence of measurement data, it is impossible to evaluate the qual-
ity of the physics-based model, while the e�ect of parametric uncertainties
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Figure 2.3: Overview of dynamic measurements recorded during demolition
for the case of building MW2 (Appendix A): (a) Schematic representation
of typical sensor con�guration for the monitoring of a masonry building un-
dergoing demolition. (b) Characteristic dynamic response, the �ltered signal
and the impulse identi�cation and distribution in terms of RMS acceleration
amplitude of vibration data measured on a real building.
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Figure 2.4: Schematic representation of modal identi�cation for the case of
building MW2 (Appendix A): (a) Identi�ed frequencies of the translational
modal shapes based on impulse responses under demolition hits. The dashed
line indicates the point estimate based on ambient recordings (reference iden-
ti�cation). (b) Identi�ed modal shapes based on ambient recordings and im-
pulse responses. The initial sensor positions are marked on the outline of the
building.
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on the predicted response is often neglected. Probabilistic approaches prop-
agate parametric uncertainties to the prediction outcomes, but come at the
cost of multiple model evaluations, which in most cases are computationally
burdensome. To reduce the time required for multiple forward model eval-
uations, surrogate models substitute the physics-based model with a much
faster metamodel, capable of approximating the desired response with suf-
�cient accuracy. Polynomial chaos expansion (PCE) is a highly e�cient
metamodeling technique, which relies on the spectral representation of a
computational model on a suitable basis of polynomial functions:

Ŷ = M(X) �MPCE(X)
X

a2NM

ya a(X) (2.5)

where  a(X) are multivariate polynomials orthonormal with respect to
the probability density function of the input space and ya 2 R refers to the
corresponding coe�cients. In most realistic applications, a �nite number of
polynomials is considered and thus a truncation scheme, for instance based
on a maximum polynomial order, or the hyperbolic (or q-norm) truncation
scheme is applied [74]. For the present application, all uncertain parame-
ters of the input space are modeled as uniformly distributed variables, thus
Legendre polynomials are considered as basis [75]. The q-norm truncation
scheme is selected with q = 0:5 and the maximum polynomial degree is set
equal to 8. Based on these assumptions, the surrogate model is created in
the uncertainty quanti�cation software UQlab, developed at ETH Zurich [76].
Initially, a set of 2000 samples from the uncertain input space described in
Table 2.2 is selected for the training of the surrogate model, by implement-
ing Latin hypercube sampling [77]. An additional set of 200 random samples
is drawn for validation purposes. In order to carry out the simulations for
all input samples, a set of three-dimensional EF models is generated in the
commercial software CSI SAP 2000 (v.23). The generated output in terms of
modal frequencies and displacements enables training of the surrogate PCE
model. The trained model is validated against the EF model predictions in
terms of absolute residuals:

Error = MEF (X)�MPCE(X) (2.6)

Additionally, the compatibility of the produced modal shapes is assessed by
means of the modal assurance criterion (MAC).

With a su�ciently accurate and computationally e�cient PCE model, a
global sensitivity analysis can be conducted to identify the input parame-
ters that a�ect the modal response substantially. Considering independent
input variables, the �rst-order Sobol’s index expresses the relative contri-
bution of each input variable Xi to the total variance [78]. The analytical
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derivation of Sobol’s decomposition for truncated PCE has been introduced
in [79], reducing the computational cost for the calculation of Sobol indices
for PCE metamodels. The sensitive analysis is conducted in the uncertainty
quanti�cation software UQlab, developed at ETH Zurich [76].

2.3.4 Bayesian Framework for Model Updating
Once the parameters with a signi�cant in
uence on modal properties are
identi�ed, a parametric analysis is conducted in order to illustrate the ef-
fect of input uncertainty on model predictions. Probabilistic approaches can
be further deployed in order to assess the distribution of the predicted per-
formance or the structural reliability. However, model bias and parametric
uncertainty are still present when probabilistic methods are used for the seis-
mic assessment of existing buildings. To this end, the modal properties that
are identi�ed through the dynamic measurements described herein can pro-
vide a reference of the real building behavior, which can be utilized to more
reliably update the computational model. In deterministic approaches, the
updating task is formulated as an optimization problem with an objective
function that minimizes the discrepancy between the predicted and the mea-
sured modal properties. The objective functions typically include a frequency
�t criterion (FF) or a a combined frequency and modal shape �t criterion
(FSF):

FF =
1
N

X

i=1:N

�
1� j

f idi � fMi
f idi

j
�

(2.7)

FSF =
1
N

X

i=1:N

��
1� j

f idi � fMi
f idi

j
�
� wfi +MAC(�idi ; �

M
i ) � w�i

�
(2.8)

where N is the number of modes considered for the update, f idi and fMi refer
to the identi�ed and predicted frequency for the ith mode and �idi and �Mi
refer to the identi�ed and predicted modal shapes for the ith mode. The
coe�cients wfi and w�i correspond to the weight factors for mode i, both of
which will be further considered equal to 0:5 for all modes. Although such
approaches o�er an \optimal" point estimate for the uncertain properties, the
discrepancy between measured and predicted behavior, due to measurement
errors or model bias, is not accounted for. Additionally, considering that
measurements provide only a scarce representation of the system response,
point estimates may be prone to over�tting, while there is no information
regarding other parameter combinations that potentially yield high �t scores
and may therefore be a viable explanation of the measured behavior.
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BMU provides posterior distributions of the input parameters X for
which the �t between model predictions and the available data is compatible
with uncertainties that are presents in both the measurements (data) and the
modeling process (see Fig. 2.5a). The measured response Y can be linked
to the model prediction as follows:

Y = MPCE(X) + " (2.9)

where " describes the discrepancy between observations Y and model predic-
tion due to measurement and modeling inaccuracy. Although the following
assumptions need to be thoroughly veri�ed in practical cases, considering
that the model bias can be ignored and that the measurement and modeling
errors are not coupled, this term is represented as an additive Gaussian noise
with zero mean and a diagonal covariance matrix:

" � N (0;�) (2.10)

In order to account for the unknown measurement uncertainty, the diago-
nal terms of the covariance matrix are parametrized and inferred through
the BMU framework as follows. For N independent observations (Y =
yi; :::;yN ) and M identi�ed modal properties (yi = yij; :::; yiM), each diago-
nal term jj of � is considered a random variable with uniform distribution
in the range: [0; 2 � �2(Yj)], which can be inferred through the subsequent
BMU. All identi�ed modal properties (frequencies and modal shapes) for the
ith observation (Yi ) are considered as equally weighted realizations of inde-
pendent Gaussian distributions with mean values estimated from MPCE(X)
and covariance matrix (�). The likelihood is estimated from the multivariate
Gaussian distribution, which is formed as the product of the above marginal
Gaussian distributions and can be formulated as:

L(X;Y ) =
NY

i=1

MY

j=1

N (yijjMPCE(X);�) (2.11)

In order to obtain an approximation of the posterior distribution, 5000
Markov chain Monte Carlo (MCMC) simulations are performed after ap-
plying the A�ne Invariant Ensemble Algorithm (AIES) [80] for an ensemble
of 20 Markov chains. In order to exclude the points generated prior to con-
vergence, the initial 50% of the sample points is discarded (burn-in). The
remaining points represent valid samples of the posterior distribution of the
uncertain properties. In order to account for changing amplitude levels, the
BMU, implemented in the uncertainty quanti�cation software UQlab [76],
is conducted separately for low- and high-amplitude impulse response sets,
providing posterior distributions for various amplitude levels.
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2.3.5 Seismic Performance Evaluation
By applying Latin-hypercube sampling, an independent set of parameter
values is drawn from the posterior distributions of the parameter values,
obtained using Gaussian inverse updating (see section 2.3.4). Subsequently,
with the reduced parametric uncertainty of the posterior distributions, the
seismic performance can be assessed more precisely. Within this framework,
seismic assessment is performed using a static nonlinear procedure based on
displacement-based pushover analysis of the three-dimensional EF models.
The displacement is imposed independently in both orthogonal directions,
proportional to the respective translational modal shapes on all nodes of the
EF model.

The average displacement of all nodes at the top level and the shear force
at the foundation level de�ne the pushover curves. This pushover curve is
then simpli�ed into a bilinear capacity curve, using the steps de�ned by the
European standards [61]. Following the N2-method [40, 41], the bilinear
curves are transformed into equivalent single-degree-of-freedom (SDOF) rep-
resentations, as shown in Fig. 2.5b. The bilinear curves, that are used to
derive the seismic performance with the static-nonlinear approach, are thus
de�ned through three parameters: the yield displacement (dy), the yield
acceleration (ay) and the ultimate displacement (du). The displacement
demand (DispD), which is associated with the site-speci�c seismic hazard
spectrum, is de�ned as the intersection of the extended linear part of the
equivalent SDOF bilinear capacity curve and the design spectrum. The lat-
ter should be formulated in the acceleration-displacement response spectrum
format (ADRS), following the N2-method, which has some known shortcom-
ings [81]. Updated model parameters play a key role in this part of the
analyses, as the imposed nodal displacements rely on the modal shape and
the initial sti�ness, both depending on uncertain parameters that are up-
dated using measurement data.

Based on the aforementioned response values, typical seismic performance
metrics can be de�ned to quantify the expected seismic performance of the
studied structure, as formulated in Fig. 2.5b. The ductility capacity (DucC)
is a vulnerability metric, de�ned as the ratio of the ultimate and the yield
displacement. Higher values of DucC re
ect the capacity to redistribute lat-
eral loads and sustain larger displacements before the global collapse of the
structure. The compliance factor (CF), which forms the most widely used
performance metric, is de�ned as the ratio of the ultimate displacement and
the displacement demand. CF values below 1 indicate that the structure
cannot sustain the design requirements. Thus, CF provides an estimate of
the life-safety margin of a building with respect to earthquakes with a code-
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Figure 2.5: (a) Schematic illustration of Bayesian inverse analysis, (b) Bilin-
ear approximation of pushover curves and de�nition of seismic performance
metrics.

de�ned return-period for the site of interest. Finally, the ductility demand
(DucD) is de�ned as the ratio of the displacement demand and the yield
displacement. This metric expresses the level of nonlinearity the structure is
expected to sustain, when undergoing an earthquake that follows the design
spectrum. The DucD o�ers insights into the level of damage that is expected
to be sustained by a structure. The three selected performance metrics pro-
vide a comprehensive view of the global structural performance for a speci�c
seismic scenario. For the purposes of this analysis, local failure modes and
the e�ect of higher modes are neglected.

2.4 Case Studies

The introduced framework is applied to nine real URM buildings erected in
Switzerland between 1898 and 1960. Table 2.3 summarizes the typological
classi�cation of the studied buildings, based on the EMS-98 classi�cation
scheme [45], further enriched by Lagomarsino et al. [82]. While the studied
buildings demonstrate distinctive characteristics, they can be attributed to
three main typological classes, namely timber 
oor (low- to medium-rise), RC

oor (medium-rise) and composite RC-masonry 
oor (high-rise) buildings.
A comprehensive documentation of geometrical characteristics of all case
studies is provided in Appendix A.

The framework, illustrated in Fig. 2.1, is demonstrated on a single build-
ing, MW1, in order to o�er the details of the employed model-updating
procedure and evaluate the resulting e�ect on the predicted seismic per-
formance. Observed reversible nonlinearities in the dynamic response are
discussed and various updating approaches are compared. Subsequently, the
framework is applied to all case studies to draw conclusions from a typolog-
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Table 2.3: Building description, typological classi�cation according to Lago-
marsino et al. [82] and identi�ed frequencies of the �rst two translational
modal shapes. The mode directions refer to the global axes de�ned in Fig.
2.6c for building MW1 and in Appendix A for the rest of the buildings.

ID Erection Floors Lx/Ly Slab Typology Freq. 1 Freq. 2
[m/m] [Hz] [Hz]

MW1 1927 3 7=7 Timber M5.w M 5:9 (==y) 6:9 (==x)
MW2 1922 3 10=8 Timber M5.w M 6:3 (==x) 7:4 (==y)
MW3 1928 2 7=7 Timber M5.w L 7:8 (==x) 10:3 (==y)
MW4 1898 4 20=10 Timber M5.w M 3:2 (==y) 4:5 (==x)
MC1 1930 3 8=13 RC M6 M-PC 6:1 (==x) 7:3 (==y)
MC2 1948 4 17=11 RC M6 M-PC 7:1 (==x) 7:9 (==y)
MC3 1948 4 35=11 RC M6 M-PC 7:2 (==y) 7:5 (==x)
MC4 1960 5 18=9 RC M6 M-PC 5:0 (==y) 6:5 (==x)
MR1 1930 6 23=10 RC-masonry M5 H 3:3 (==y) 3:9 (==x)

ical perspective. Ultimately, the value of data-informed seismic evaluation
is assessed, by comparing the uncertainty margins of the predictions, before
and after model-updating. The narrow posterior ranges allow for a meaning-
ful comparison in terms of seismic performance of structures belonging into
the same typological class. For the �rst time, real data of a population of ma-
sonry buildings are utilised in order to reduce epistemic uncertainty in URM
modeling and provide the basis for the development of building classi�cation
schemes that are based on updated seismic performance.

2.4.1 Individual Building Analysis
Building MW1 was built in Switzerland in 1927 and represents a medium-
rise masonry structure with timber 
oor slabs (see Fig. 2.6). The building
geometry is almost symmetric in both directions, with an outer envelope of 7
m x 7 m and a total height equal to 10 m. The external walls are 24 cm thick
and are the main contributors to the lateral building sti�ness. The internal
walls are thinner and support the timber slabs, that are spanning parallel to
the y-axis.

Modal identi�cation

Prior to planned demolition, sensors are placed at all 
oor levels at the
marked positions (see Fig. 2.6c), in order to capture the global dynamic
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response. The modal characteristics, identi�ed based on ambient measure-
ments, provide point estimates and are considered as the reference identi�-
cation. In Table 2.3 the reference identi�ed modal properties for the �rst
two translational modes are summarized. Axes x, y refer to the direction of
the translation with respect to the global axes de�ned in Fig. 2.6a and in
Appendix A.

Impulse responses allow for the identi�cation of modal characteristics at
di�erent amplitude levels. As explained in section 2.3.2, the studied impulses
are restricted to the vibrations recorded during demolition activities prior to
the development of visible damage on structural elements. Previous work
by the authors has concluded that the maximum amplitude of the impulse
responses is over an order of magnitude lower than the numerically predicted
yield point, while the observed nonlinearities due to increased amplitude are
reversible and do not relate to permanent damage [32].

Fig. 2.7a illustrates the identi�ed value for the �rst frequency, normal-
ized to the reference value, for each individual impulse response. Marker sizes
correspond to the amplitude level, de�ned as the RMS acceleration of the
impulse response, while the horizontal axis corresponds to real time. The
impulses are empirically clustered into two intensity classes by de�ning a
threshold at 0:4 mg. The dashed lines correspond to moving averages for
low and high-amplitude impulses. Higher amplitude impulses yield consis-
tently lower frequency values, while the low-amplitude identi�cation results
show no signi�cant variation over time, indicating reversible softening due
to increased response amplitude, which cannot be attributed to permanent
structural damage. In Fig. 2.7b the relation between the identi�ed frequency
corresponding to the �rst mode and the response amplitude is plotted: the
dots indicate the mean and the shaded regions the 25th and 75th percentiles
respectively. The relation appears to be almost linear, reaching a frequency
drop up to 10% compared to the reference value. This amplitude-dependent
reversible softening exposes elastic nonlinearities in the, commonly assumed,
linear elastic regime, that can be attributed either to the strain dependency
of the soil sti�ness and/or to temporary crack opening in masonry (breath-
ing cracks). The coe�cient of variation of the identi�cation results in each
amplitude bin does not exceed 3% in all cases, which is deemed acceptable
for �eld measurements during higher-than-ambient excitation.

Surrogate Modeling and Sensitivity Analysis

In order to reduce the computational cost of the model-updating, a PCE
based surrogate model is trained on a set of 2000 EF con�gurations and
evaluations, following the procedure described previously. An additional set
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Figure 2.7: In
uence of the amplitude of shaking on the modal properties:
(a) Identi�ed frequency of the �rst mode for each impulse response during
demolition, normalized to the reference value from ambient vibrations. The
horizontal axis refers to the real timestamp and the size of the markers to the
amplitude of each impulse. Impulses with RMS acceleration below and above
0:4 mg are classi�ed to low- and high-amplitude respectively. (b) Identi�ed
frequency for increasing amplitude. Mean and 25/75-percentiles are derived
for amplitude bins of 0:2 mg.

of 200 EF samples is considered for the validation of the trained model. Fig.
2.8a and b report the distributions of the absolute residuals between the EF
and PCE models in terms of modal frequencies and modal shapes (normalized
to the maximum displacement) for the �rst two modes. The distributions
are given in the form of boxplots, encoding the statistical mean, the 25th and
75th percentiles and the extreme values of the distribution. Both frequencies
and modal displacements show 0 mean, indicating no bias, and very narrow
variability. For the frequencies, the extreme error values do not exceed 0:2
Hz, less than 5% of the identi�ed frequency. The modal displacement error
shows low variability in most cases, with minor exceptions with regard to
the second mode, where maximum absolute error is not always negligible,
implying the existence of outliers. By computing the MAC between the EF
and the PCE predicted modes, the lowest �t yields 99% and 95% for the �rst
and second modes respectively, con�rming that the outliers in the prediction
of modal shapes do not happen simultaneously and do not compromise the
predictive performance of the surrogate model. Fig. 2.8c and d illustrate the
direct comparison of the modal shape predictions between the PCE and the
EF model for the case of minimum MAC value. As it can be observed, in
the second mode the PCE model slightly underestimates the displacements
parallel to the global translation direction at the top 
oor, whereas at position
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3 the PCE model partially misses the out-of-plane component of the modal
displacement. Given that this comparison refers to the worst �t between
the two models and that out-of-plane and torsional behavior are anyway
neglected during the subsequent seismic evaluation through nonlinear static
pushover analysis, the surrogate model is deemed to approximate the modal
predictions of the EF model su�ciently well.

Subsequently, a sensitivity analysis is conducted by applying the ANOVA
method. The �rst order Sobol indices are computed for all uncertain param-
eters and identi�ed modal quantities of the �rst two modes. Fig. 2.9a reports
the average values of the Sobol indices considering all modal quantities. The
dashed line indicates the assigned threshold of 10%, above which the modal
predictions are considered sensitive to the corresponding uncertain parame-
ters and will be updated. In all studied cases, the Emas and the Gsoil;eq are the
most sensitive parameters, while the G modulus of the slab has a signi�cant
in
uence in buildings with 
exible 
oors. Fig. 2.9b illustrates the individ-
ual values of the �rst order Sobol indices for each modal quantity. Gsoil;eq
a�ects all modal quantities while Emas appears to mostly govern the modal
displacements that are orthogonal to the corresponding mode direction. Fi-
nally, Gtim;eq mostly in
uences the modal displacements that are parallel
to the mode direction, while barely in
uencing the frequencies. Therefore,
neglecting the modal shapes would undermine the identi�cation of Gtim;eq.
Overall, the sensitivity analysis allows to reduce the amount of uncertain
properties from 14 (see Table 2.2) to two or three parameters, depending on
the slab sti�ness.

The parameters that are retained govern the elastic behavior of the system
and, consequently, the predicted modal quantities. However, these properties
are also expected to bear an impact on the predicted seismic performance.
Indeed, the Emas in
uences both the elastic sti�ness of the superstructure,
and thus the seismic demand, as well as the strength capacity of masonry,
according to Eq. 2.1. In addition, Gsoil;eq in
uences the overall sti�ness
of the system soil-structure-foundation, thereby in
uencing seismic demand.
Finally, Gtim;eq a�ects the redistribution of forces and deformations during
lateral loading and, consequently, the global strength and ductility capacity.

Model Updating Procedure

Initially, an optimization-based approach is applied by implementing the
objective functions FF and FSF, formulated in equations 2.7 and 2.8. A
population of 2000 models, obtained with Latin-hypercube sampling of the
input space, is developed and the �t is computed by comparing the pre-
dicted modal properties with the results of the reference identi�cation. The
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Figure 2.8: Comparison of Polynomial Chaos Expansion model predictions
(PCE) with respect to EF model: error distribution for the �rst two natural
frequencies (a) and the corresponding modal shapes (b), direct comparison
of the modal shape prediction for the �rst (c) and second mode (d).
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Figure 2.9: Sensitivity analysis based on the ANOVA method: (a) Bar plot
of the average Sobol values for all modal parameters. The dashed line in-
dicates the threshold, above which the parameters are considered sensitive.
(b) Heatmap plot of the computed sensitivity for each modal quantity for
the �rst two modes. The directions of the individual modal displacements
and the modal shapes refer to the global axes de�ned in Fig. 2.6c.
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maximum �t reveals the best model representing the optimal calibrated pa-
rameters in a deterministic context. Parameter ranges that are associated
with high �t-scores can be extracted by the model con�gurations that yield
�t over a �xed threshold. By applying the optimization-based approach, the
\optimal" models yield �t scores: 99% and 94%, by considering the FF and
FSF criteria (see Equations 2.7 and 2.8). After setting the acceptable-�t
thresholds at 97% and 92% respectively, multiple values for the uncertain
parameters are extracted.

BMU allows for a probabilistic estimation of the posterior distribution
by utilising the uncertainty distribution of the acquired impulse responses.
Fig. 2.10 summarizes the prior and posterior ranges, along with the mea-
sured modal quantities in form of boxplots, where the thick lines indicate the
range between the 25th and the 75th percentile. Considering the identi�ed
modal properties based on the measured data, the coe�cient of variation
for the �rst two identi�ed frequencies lies below 3:5%, while the standard
deviation for the modal displacements varies between 0:06 and 0:15. Given
the short duration of the impulses (1 to 3 seconds), their arbitrary input
(location, direction and amplitude) and the inherent measurement noise, the
measured variability is deemed reasonable. The prior ranges of the predicted
modal properties cover the recorded data, indicating no signi�cant bias be-
tween model and measurements. The posterior ranges capture the measured
response and thus, justify the narrow posterior ranges of the uncertain prop-
erties. Fig. 2.11 summarizes the updated ranges and point estimates for
the uncertain parameters based on the optimization approach and the BMU.
Both approaches are applied by considering the frequency-�t (FF) and the
combined frequency and modal shape �t (FSF). The y-axis is bounded by the
prior limits of each uncertain parameter. The results indicate that even after
de�ning thresholds that are close to the \best �t", the optimization-based
approaches fail to reduce the input uncertainty signi�cantly. Consequently,
the accuracy of the point estimate may be considered to be limited, while
no remarkable di�erence in terms of uncertainty is observed after integrating
the modal shapes into the updating scheme. BMU provides consistent point
estimates of the uncertain properties, when comparing the statistical mean of
the posterior ranges of the FF and FSF results. The Bayesian FF approach
yields signi�cantly larger uncertainty compared to the FSF, especially with
regard to Emas and Gsoil;eq, that are competing sti�ness parameters. Con-
sidering the modal shapes substantially enriches the �delity of the update
procedure and enables the inference of mutually competing sti�ness param-
eters with paramount importance on the accuracy of model predictions.

In order to evaluate the e�ect of amplitude on the identi�ed modal prop-
erties and, consequently, on the inferred parameters, BMU is applied sep-
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Figure 2.10: Bayesian model-updating results: (a) Prior and Posterior ranges
of the �rst 2 characteristic frequencies. (b) Modal displacements of the �rst
mode. The dashed lines indicate the reference identi�cation. (c) Sensor po-
sitions and �rst identi�ed modal shape based on the reference identi�cation.
The exact sensor positions are reported in Fig. 2.6c.

arately to low and high-amplitude impulse responses. Considering the fre-
quency drop reported in Fig. 2.7b, the amplitude threshold in terms of RMS
acceleration is set equal to 0:4 mg. The identi�ed parameter distributions are
reported in Fig. 2.12. All inferred sti�ness parameters show low variability
and reduce with increasing amplitude. The Emas and Gsoil;eq demonstrate
12:9% and 9:5% drops respectively, indicating an almost equal contribution
of soil and structural sti�ness to the amplitude-dependent softening of the
structure.

Seismic-Capacity Predictions

Parameter identi�cation is here pursued with the aim of bounding the pre-
diction uncertainty pertaining to the seismic capacity of the building. There-
fore, EF models (see section 2.3.1) are used to predict pushover curves, which
are in turn deployed for spectrum-based predictions of the seismic capacity
through the N2-method, as explained in section 2.3.5. Reducing the un-
certainty of the input parameters minimizes the variability of the predicted
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Figure 2.11: Posterior ranges and point estimates of (a) Emas, (b) Gtim;eq
and (c) Gsoil;eq based on the optimization-based approach (blue color) and
the Bayesian inference (black color). The left and the right sides refer to
the results for frequency-�t (FF) and the combined frequency- and modal
shape-�t (FSF) respectively.

Figure 2.12: Posterior ranges of uncertain parameters for Bayesian inverse
updating at di�erent amplitude levels (L:low-amplitude impulses, H: high-
amplitude impulses).
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pushover curves, as shown in Fig. 2.13a. To facilitate the implementation
of the N2-method, the pushover curves are transformed into idealized bilin-
ear curves. The uncertainty reduction in predicted bilinear curves, achieved
through data-based model-updating, is reported in Fig. 2.13c. The scatter in
the three quantities de�ning the capacity curve, namely yield displacement,
dy, ultimate displacement, du, and yield acceleration, ay, is reported using
boxplots. While the average predictions of the prior distributions are close
to the posterior ones, the uncertainty range is signi�cantly larger.

Despite the intuitive perception that lower global sti�ness, de�ning the
initial part of the pushover curve, leads to reduced lateral capacity, the prior
pushover curves do not follow this rule. According to Equation 2.1, lower
Emas translates to lower compressive strength. Following the hinge de�nitions
formulated by Lagomarsino et al. [54], lower compressive strength reduces
the capacity of the bending-moment hinges, without a�ecting the capacity
of the shear hinges. In cases where the collapse mechanism is governed by
the shear capacity of masonry, no clear correlation between Emas and lateral
strength exists. Additionally, the soil impedance and slab sti�ness a�ect
the global sti�ness, while being independent from the strength properties of
masonry. Therefore, model con�gurations with low elastic properties for the
soil and the slab may demonstrate reduced global sti�ness.

Performance metrics are introduced to analyse the reduction in uncer-
tainty that is achieved with regard to seismic assessment. The considered
seismic hazard scenario complies with the Swiss seismic design spectrum for
hazard zone 2 and soil class E [83]. The metrics that are chosen cover the
expected hazard level through the displacement demand, the building ca-
pacity through the ductility capacity, and the convolution of both through
the compliance factor and the ductility demand. The uncertainty distribu-
tions of the four metrics are compared in Fig. 2.14. In order to obtain a
point estimate (PE) of the predicted response, which re
ects typical engi-
neering assumptions, the 25th percentile of the uncertain ranges for Emas and
Gtim;eq, corresponding to 2:5 GPa, 16:3 MPa, are considered. In addition,
�xed boundary conditions are assumed (Gsoil;eq !1) and all remaining un-
certain parameters (see Table 2.2) are set to average values. Considering the
posterior estimates as reference, the PE yields realistic results in terms of
DuctC and DispD, yet provides conservative estimates of the DuctD and the
CF, indicating an underestimation of the yield force. On the contrary, the
typological curve for the studied building, M5.w M [82], overestimates both
the DuctC and the CF, while underestimates the DuctD, providing overall
non-conservative predictions. It should be noted, however, that the typologi-
cal curve �ts rather well the linear part of the lateral load-resisting behavior,
despite its generic nature.
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Figure 2.13: (a) Prior, Posterior and point estimate pushover curves of build-
ing MW1. (b) Posterior pushover curves of building MW1 for low- (L) and
high- (H) amplitude impulses. (c) Prior, Posterior and point estimate of the
corresponding bilinear capacity curves and comparison with the typological
prediction.

A comparison of the posterior pushover curves for low- (PL) versus the
high-amplitude (PH) updated EF models, reveals minor di�erences in the
initial sti�ness and in the ultimate displacement (see Fig. 2.13b). Although
parameter identi�cation primarily concerns the commonly assumed linear
properties of the building, that in
uence the modal properties that are de-
rived from measurements, the impact of model-updating to the nonlinear
seismic response is manifold. Mode shapes de�ne the load pattern of the
applied lateral load, the elastic part of the bilinear curve governs the dis-
placement demand and the updated linear parameters are linked to the non-
linear strength (e.g. through equation 2.1). The in
uence of the amplitude
of shaking on the performance metrics is illustrated in the boxplots of �gure
2.14. Due to the higher initial sti�ness, the PL predictions yield slightly lower
DispD. For increasing amplitude the DuctC decreases, which however is com-
pensated by a decrease in DuctD, resulting to almost identical distributions
in terms of CF for both amplitude levels.

2.4.2 Analysis of Multiple Buildings
The nine case studies of real masonry buildings, described in Table 2.3, form
a representative subset of existing residential URM buildings in Switzerland.

124



Figure 2.14: Prior distributions (Pr.), low-amplitude (PL) and high-
amplitude (PH) posterior distributions of performance metrics. The dashed
and the dotted-dashed lines indicate the typological prediction and the point
estimate respectively.

Buildings MW1 to MW4 possess timber slabs and belong to the medium-rise
class, with the exception of the low-rise MW3. Buildings MC1 to MC4 have
RC 
oors and fall into the medium-rise typology. The outer dimensions and
proportions show signi�cant variability, which is not taken into account in
typological classes. Finally, the building MR1 is considered high-rise and
contains composite RC-masonry slabs, spanned along the short dimension of
the building. All buildings are rather regular in plan and elevation, which is
representative of Swiss residential buildings built in the �rst half of the 20th

century.
The identi�ed frequencies of the �rst translational modal shapes in the

two main directions are plotted in Fig. 2.15a and b for the cases of tim-
ber and sti�er slabs. Identi�ed frequencies cover the range between 3 � 14
Hz, which lies in the plateau region of the European seismic design spectra
[84, 83]. Considering the identi�cation results of individual buildings within
each category, the uncertainty in the modal identi�cation, resulting from the
variation in direction, amplitude, and duration of impulse responses, demon-
strates larger dispersion for the buildings with RC 
oors. While both sti�
and 
exible 
oor buildings show similar variability with respect to the fun-
damental mode, the buildings with 
exible 
oors demonstrate signi�cantly
larger scatter in the second frequency, as well as a clear correlation with
the building height. Although MW4 belongs to the medium-rise class, the
frequencies lie outside the region of medium-rise buildings, in the vicinity
of the high-rise building MR1. Figures 2.15a and b expose the need for
further structural features that are neglected in current typological scheme,
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such as the amount and distribution of openings, the building age and the
local soil conditions, that contribute signi�cantly to the dynamic behavior of
structures. Comparing the frequencies in the two main directions, RC and
composite 
oor buildings show less variability than 
exible 
oor buildings.
This can be attributed to the diaphragm-e�ect of sti� slabs, which is missing
in the case of orthotropic 
exible timber 
oors.

Following the work
ow described in section 2.3 and applied in section
2.4.1, parametric EF models are developed for all studied buildings and
model-updating is conducted by means of FSF Bayesian inverse analysis.
The seismic performance is evaluated through nonlinear pushover analysis
and seismic performance metrics are calculated. Figures 2.15c to f summa-
rize the performance metrics for the prior and posterior cases for all studied
buildings. In the prior case the large scatter of the response predictions
hinders any conclusive observation. The posterior plots demonstrate signi�-
cant uncertainty reduction, which enables a meaningful interpretation of the
produced results.

Intra-typological Assessment

The behavior of MC buildings in terms of CF and DucC shows signi�cant
scatter. For the given hazard scenario, the CF ranges between 0:6 and 1:7
while the DucC spans between 5 and 10. MC1, which is the oldest building
and has the smallest footprint, yields the lowest CF, while MC4, which is
the newest building, produces almost two times higher DucC compared to
the other buildings in this class. The DucD is less variable within the class,
which, given the low variability in elastic sti�ness (see Fig. 2.15b), implies
consistency in terms of yield displacement as well.

Timber 
oor buildings exhibit less scatter in DucD and DucC, while the
CF varies between 0:5 and 1:5. MW1, which is overall the smallest medium-
rise building, yields the lowest CF while the largest building (MW4) presents
the highest CF in the medium-rise class. Nevertheless, the low-rise building
(MW3) reaches the maximum CF of the timber 
oor category, which is con-
sistent with observations made after recent earthquakes in Italy [4].

Inter-typological Assessment

Despite the intra-typological scatter, the posterior results allow for a compar-
ative discussion of the collective behavior between di�erent building classes.
Overall, timber 
oor buildings (MW) show inferior seismic performance,
yielding lower CF and DucC while being consistently exposed to slightly
lower DucD. The low scatter in terms of DucC re
ects a more brittle behav-
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ior compared to MC buildings, which is attributed to the inability of 
exi-
ble orthotropic slabs to redistribute lateral loads. Regarding the composite

oor class, although only one building is available, the seismic performance
in terms of ductility lies at the intersection between RC and timber 
oor
classes. Composite slabs behave orthotropic and they are lighter and less
sti� than conventional RC slabs, while being heavier and sti�er than timber

oors. As a result their ability to distribute lateral forces, which correlates
with the global structural ductility, is expected to lie between the two classes.
MR1 building reaches the highest CF compared to all other buildings, while
being the highest and the heaviest building studied. Given that, up to a
certain point, structural capacity increases with the acting axial force (see
Table 2.1), the self-weight of the building, combined with regularity in plan,
has a bene�cial in
uence on the global seismic capacity.

Comparison of Updated Predictions with Typological Predictions

Figures 2.16 and 2.17 summarize the seismic performance of each individual
building, prior to and after model-updating, and compare this against the
reference performance metrics of the corresponding typology (indicated with
a dashed line). The dark lines indicate the posterior estimations and, due
to their increased precision and compatibility with measured behavior, the
subsequent discussion is focused on posterior distributions.

Overall, the typological curves yield accurate estimates of the DispD,
which demonstrates a good approximation of the initial sti�ness despite
their generic nature. However, they tend to overestimate the CF and the
DucC, which can be attributed to the overprediction of the ultimate dis-
placement capacity and the yield force. The global ultimate displacement
capacity depends on the nonlinear properties of the model, as well as on
the spatial distribution of the bearing elements, which makes their valida-
tion at regional scale challenging. Considering best-practice assumptions for
the nonlinear behavior of URM buildings, as described in section 2.3.1, the
posterior results indicate non-conservative estimations from the typological
curves. In contrast to DispD, the DucD is consistently underestimated, es-
pecially for the case of RC 
oor buildings. This re
ects a misprediction of
the yield strength, which again relates to the assumptions for the nonlinear
parameters at structural element-level.

The underestimation of the DucD is less prominent in the case of timber

oor buildings (class M5.w), which implies a better approximation of the
yield force. It is mentioned that, according to Lagomarsino et al. [82],
this typological class aims to cover \old brick" material, whereas the class
M6 that describes RC-
oor masonry buildings addresses the corresponding
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Figure 2.15: Identi�ed frequencies and performance metrics of all studied
buildings: (a, b) First and second characteristic frequencies, the grey mark-
ers indicate the average value of each building. (c, e) Performance metrics
based on the prior pushover curves. (d, f) Performance metrics based on the
posterior pushover curves.
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material simply as \masonry" and, due to the appearance of RC 
oors in
later stages than timber 
oors, may cover newer brick material. Finally, the
typological predictions for the DucC is lower than the posterior for the RC

oor buildings and higher than the posterior for the timber 
oor structures.
This demonstrates again the inherent incapability of generic typologies to
capture building-speci�c nonlinear metrics that depend on the redistribution
of lateral forces and on the nonlinear behavior at structural element level
for individual buildings. Finally, the results con�rm the brittle behavior of
timber 
oor structures, as well as the bene�cial e�ect of sti� diaphragms on
increasing the DucC of such buildings.

2.5 Conclusions

This paper contains a Bayesian framework for data-driven model-updating,
with the aim to reduce uncertainty in seismic performance prediction of mul-
tiple URM buildings. Dynamic measurements are fused with EF models
representing the physics of URM buildings.

The framework is applied to nine case studies of real URM buildings that
form a subset of existing residential buildings in Switzerland and central
Europe. It is shown that availability of dynamic measurement data during
increased forcing amplitudes, as those enforced during a demolition process,
allows to reduce the uncertainty in predicted seismic capacity.

Dynamic measurements at various amplitude levels reveal reversible non-
linear behavior corresponding to a frequency drop of up to 10%, when com-
pared to the identi�ed frequencies under ambient conditions. BMU facilitates
the interpretation of this elastic nonlinearity by attributing it to the strain
dependency of soil sti�ness and to the elastic modulus of masonry, possibly
due to opening and closing of pre-existing cracks.

Contrary to deterministic model-updating techniques, which are prone to
over-�tting, BMU succeeds in providing robust estimates, along with infor-
mation on the underlying distributions of uncertain parameters. The appli-
cation to nine real case studies indicates that by considering modal shapes
in the updating process, BMU reduces model uncertainty by enabling the
simultaneous updating of sti�ness parameters pertaining to the soil and the
superstructure. The propagation of the input uncertainty into the seismic
response calculation yields narrow estimates of seismic performance metrics,
allowing for comparison of the seismic performance of multiple buildings at
typological level.

Masonry structures with RC 
oors comprise similar behavior until yield
displacement, while they exhibit large variability with respect to the ultimate
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Figure 2.16: Performance metrics of timber 
oor buildings (MW) based on
prior and posterior model evaluations and typological predictions.
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Figure 2.17: Performance metrics of RC 
oor buildings (MC) based on prior
and posterior model evaluations and typological predictions.
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capacity. Timber 
oor structures show lower scatter and higher vulnerabil-
ity, both in terms of capacity and ductility, when compared with buildings
having sti�er 
oors. Typological capacity curves capture the initial sti�ness
of URM buildings, yet overestimate ductility and ultimate capacity. These
properties depend on the nonlinear behavior at the scale of structural ele-
ments, as well as on their spatial distribution, hindering the derivation of
generally-applicable approximations that rely on generic building properties.
The establishment of a re�ned typology system that is capable of re
ecting
such distinctions is left as future work.
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Abstract

Structural Health Monitoring (SHM) enables the rapid assessment of struc-
tural integrity in the immediate aftermath of strong ground motions. Data-
driven techniques, often relying on damage-sensitive features (DSFs) derived
from vibration monitoring, may be deployed to attribute a speci�c damage
class to a structure. In practical applications, individual features are sen-
sitive to speci�c levels of damage, and therefore combining multiple DSFs
is required to formulate robust damage indicators. However, the combina-
tion of DSFs typically involves empirical thresholds that are often structure-
speci�c and hinder generalization to di�erent structural con�gurations. This
work evaluates the predictive performance of a large ensemble of DSFs, com-
puted on an extensive dataset of nonlinear simulations of frame structures
with varying geometrical and material con�gurations. Gradient-boosted de-
cision trees and convolutional neural networks are deployed to fuse multi-
ple DSFs into damage classi�ers, improving the predictive accuracy com-
pared to best-practice methods and individual DSFs. A Domain Adversarial
Neural Network (DANN) architecture enables the transfer of knowledge ob-
tained from numerical simulations to real data from a large-scale shake-table
test. After exposure to limited data, exclusively from the healthy state, the
DANN framework yields satisfactory performance in predicting unseen dam-
age states in the experimental data. The results demonstrate the potential of
DANN in transferring knowledge from simulations to real-world monitoring
applications, where only limited data characterizing exclusively the current,
typically healthy, structural state is available. Overall, this work comprises
the de�nition of multiple DSFs, their fusion through ML approaches, and
the generalization of the knowledge obtained from simulations to real data
through domain adaptation.

3.1 Introduction

Although modern seismic design codes have reduced the risk of casualties
from earthquake events, performance-based design approaches tolerate struc-
tural damage, which is somehow against the principle of resilience. A main
associated drawback is the required functional downtime of structures, which
is incurred by lengthy and potentially subjective post-earthquake inspections
[2, 3]. Permanently monitored buildings can be leveraged for rapid and data-
informed assessment of the post-earthquake structural integrity. Although
extended literature has addressed data-driven damage detection in the past,
the mere detection of the presence of damage after an earthquake is often
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insu�cient for decision-makers. The quanti�cation of damage sustained by
an earthquake, often lumped into categorical damage states (DSs) [4, 5], is
further required for a reliable decision, as this o�ers insights into the increase
in vulnerability due to the main shock [6], paving the way to the critically
important evaluation of residual capacity [7].

Structural Health Monitoring (SHM) often relies on changes in vibra-
tion properties to extract indicators of damage [8, 9]. Changes in natural
frequencies and, less frequently, damping coe�cients are typically linked to
the existence of damage [10, 11, 12, 13, 14, 15, 16], while modal shapes or
mode-shape curvature may correlate with its location [17, 18, 19, 20]. As
data often proves insu�cient, physics-based models are sometimes used to
further improve performance in terms of damage detection and localization
[21, 22, 23, 24, 25]. The aforementioned tasks comprise only the �rst two
levels of damage identi�cation [26], and do not typically entail a quanti�ca-
tion of damage (third level), which may then lead to remaining useful life
assessment (fourth level). In achieving these higher-end tasks, model-based
SHM is typically exploited but involves the use of computationally expensive
and structure-speci�c models [27, 28, 29].

In recent years, the increasingly available computational resources have
entailed a paradigm shift from traditional vibration monitoring to the use of
machine learning (ML) and deep learning applications [30]. ML algorithms
provide powerful tools for training classi�ers to di�erentiate healthy from
damaged monitoring data or even attribute data to various classes related
to increasing severity of damage [31, 32, 33, 34, 35]. In the context of post-
earthquake assessment, Yuan et al. trained a convolutional neural network
(NN) for post-earthquake damage prediction, reaching an accuracy of 80%
in model predictions [36] . However, generalizing predictions from ML al-
gorithms, trained on simulated data, to real structures is not trivial, while
such references are very limited in the current literature. Tsuchimoto et
al. successfully predicted post-earthquake DSs in a scaled high-rise building,
based on the residuals between the measured and modeled accelerations [37].
Sajedi et al. trained support-vector machines on a large set of simulations
to build a damage severity classi�er, yielding a prediction accuracy of over
90% in a large-scale test specimen [38]. Labeled data from real earthquake-
damaged structures is scarce, and thus real-world monitoring datasets are
often unbalanced or even limited to healthy data. Hence, supervised ML
approaches that require large amount of labeled data cannot be directly ap-
plied. Recently, the combination of a limited number of buildings for damage
assessment at larger scales has been proposed as an alternative to overcome
the lack of historic labeled data [39, 40, 41].

Given the scarcity of real-world data from damaged structures, researchers
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rely on simulations to generate data in damaged states [42, 43, 44]. However,
engineering models contain inherent bias and multiple sources of uncertainty
that prevent a realistic representation of measured responses. A remedy to
this can be sought in transfer learning; a ML technique, which aims to trans-
fer knowledge from a source domain, where a large amount of labeled data
is available, to a target domain with limited data [45]. Domain adaptation
addresses this task by reducing the distance between the data distributions
of the source and the target domains. Gardner et al. outlined three do-
main adaptation methods, namely Transfer Component Analysis, Joint Do-
main Adaption, and Adaptation Regularization based Transfer Learning [42]
. Their applicability for vibration-based SHM is shown in various numerical
cases and one hybrid case study, where the source domain comprises sim-
ulated data and the target domain contains measurements of a small-scale
laboratory experiment. Bull et al. proposed population-based SHM based
on transfer component analysis to match the normal condition data from dif-
ferent wind-turbines, which leads to a 87% increase in the true positive rate
[46]. Ganin et al. introduced a novel measure of the disparity between the
source and target distributions by implementing a uni�ed architecture that
combines feature extraction, damage classi�cation, and domain adaptation
[47]. This generic architecture, termed Domain Adversarial Neural Network
(DANN), has been implemented for fault diagnosis in industrial machinery,
demonstrating satisfactory performance and a reduced training time [48].
Ozdagli et al. deployed a DANN architecture to a benchmark dataset of
vibration data corresponding to various DSs of a generic gearbox system. By
di�erentiating the data into source and target domains, depending on the
excitation amplitude, they demonstrated that the predictive performance of
the adopted DANN architecture in the target domain outperforms source-
only trained models, as well as other domain adaptation techniques [49]. The
authors used two source domains comprising the acceleration response of a
low- and a high-�delity numerical model, while the target domain contains
the vibration recordings from a small-scale shake-table experiment. They
demonstrated the inability of DANN to improve the predictive performance
in the target response when the low-�delity model is used as the source
domain. For the high-�delity model, the performance of the DANN architec-
ture is consistently higher than that of the model trained only in the source
domain. Xu et al. introduced a variation of the DANN architecture that
considers weight factors in the loss function, depending on the similarity be-
tween the source data and the target domain [44]. Simulations of a generic
steel-frame structure with varying number of 
oors comprise the source do-
main, while the target domain consists of a small-scale four-story steel frame
tested on a shake-table. The researchers formulated a similarity function that
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compares the number of 
oors between the source data and the experimental
structure. The results demonstrate 70% accuracy in damage quanti�cation
in the target domain and improved performance, compared to the conven-
tional DANN architecture. Although physics-based information is shown to
be useful in the weighting of the source data, de�ning a similarity relation is
not straightforward in real-world cases, where the source data di�er from the
target in more dimensions than only the number of 
oors (e.g., sti�ness and
mass distribution per 
oor, material properties, boundary conditions). This
limitation becomes particularly relevant in cases, where the target domain
includes large-scale structures consisting of inhomogeneous materials, such
as concrete or masonry, with signi�cant uncertainties in terms of material
properties and boundary conditions.

Engineering demand parameters (EDPs), often structural displacements
or drifts, are used in performance-based earthquake engineering [50, 51] to de-
�ne thresholds that separate DSs. For regional risk assessment, global EDPs,
such as average roof drift (ARD), enable the derivation of fragility functions
that link the probability of reaching a given DS with intensity measures that
characterize the ground motion [52, 53]. Similarly, monitoring-based damage
quanti�cation in buildings may involve a model-based derivation of fragility
functions with respect to individual measurable DSFs, such as changes in
natural frequencies [54] or modal features derived with wavelet decomposi-
tion [55]. Yet, formal comparison of the predictive performance of individual
damage metrics on the basis of an extensive dataset of di�erent building con-
�gurations is lacking. The applications of ML approaches to fuse DSFs are
limited, while no domain adaptation applications to generalize predictions
in real-world large-scale structures with inhomogeneous materials, such as
concrete or masonry, have been attempted.

This paper capitalizes on novel ML tools and DSFs extracted from vibration-
based (i.e., acceleration) response in simulations, in order to enhance damage
quanti�cation in real building structures. In Section 3.2 the methodologi-
cal framework is presented, covering the creation of a parametric nonlinear
model simulator, the formulation of a comprehensive ensemble of DSFs, and
the architectures of the deployed ML and domain adaptation algorithms.
Then, the classi�cation performance of individual DSFs is compared with
fragility curves, typically based on ground motion intensity, before the per-
formance of classi�ers that fuse several DSFs is assessed (Section 3.3). Fi-
nally, a semi-supervised domain adaptation approach is implemented that
allows the fusion of simulated data with limited measurements of real-world
structures, referring exclusively to the reference (healthy) state. By exploit-
ing domain-adversarial training, the predictive performance with real data is
signi�cantly improved against conventional deep neural network approaches.
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Figure 3.1: Overview of the domain adaptation framework for robust damage
prediction in real structures, based on simulations and on limited healthy
data from the monitored structure.

This showcases the potential of domain adaptation for damage detection and
characterization in real buildings, for which data collected in damaged states
is almost never available. Adaptation favors transfer and thus application to
a large number of buildings, alleviating the need for structural information
and structure-speci�c modeling (Section 3.4).

3.2 Methodological Framework

A main ingredient of the proposed approach lies in the development of an
extensive dataset of nonlinear simulations of frame structures, which are
representative of historic masonry buildings. To this end, a parametric non-
linear frame model is established. Initially, a thorough comparison of the
damage predictive performance of individual features is conducted, based
on the numerical simulations. Furthermore, ML damage classi�ers that fuse
multiple DSFs are tested. Finally, in order to enhance the generalization of
the knowledge obtained from training on simulated systems to real struc-
tures, a domain adaptation framework is proposed. As illustrated in Fig.
3.1, the framework involves training on simulations and limited data from
the real structure, characterizing exclusively the healthy state.

3.2.1 Nonlinear parametric model of a generic building
The simulated data were generated using a parametric two-dimensional frame
model, implemented in the application programming interface (API) of the
commercial software SAP 2000 (v.23) [56]. The generated frame models rep-
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resent the facades of conventional masonry buildings and follow the equiva-
lent frame (EF) approach [57, 58]. EF models are selected for their ease of
assembly and their ability to lump nonlinearity in a computationally e�cient
manner, which is required to conduct a large number of simulations. In ex-
isting masonry buildings, the facade walls contribute predominantly to the
global lateral sti�ness of the structures. The regular disposition of openings
further justi�es the segmentation of masonry walls into spandrels and piers,
with overlapping regions modeled with rigid o�sets [57]. The free length of
the piers and spandrels forms the deformable part of the wall and is modeled
as a Timoshenko beam.

The modeling principles of the two-dimensional building geometry are
schematically illustrated in Fig. 3.2. Subsequent seismic evaluation is lim-
ited to in-plane actions. The geometry of the walls is parameterized by
changing the amount of 
oors (n) and bays (m), the height of the ground

oor (hGF ), the height of the upper 
oors (hRF ), and the geometrical dimen-
sions of all spandrels (lbi, hbi, tbi) and piers (lwi, hwi, twi). The bounds of the
uniform ranges of the geometric properties were selected to be representative
of typical Swiss masonry buildings and are reported in Table 3.1. In addition,
several material properties are considered as uncertain: the modulus of elas-
ticity of masonry, Emas, a�ects the lateral load-resisting behavior in both the
elastic and the nonlinear regimes [59]. Given the uncertainty related to the
equivalent elastic properties of masonry [60, 61] and to the sti�ness reduction
during seismic events, a wide uniform range is chosen between 1 and 4 GPa
for uncracked conditions (Table 3.1). Accounting for the sti�ness reduction
due to cracking during seismic events, the modulus of elasticity is reduced by
50% [62, 63, 64]. The nonlinear behavior of masonry is lumped into hinges
at the edges and in the middle of the elastic parts of piers and spandrels. A
schematic representation of the hinge positions and capacity curves is given
in Fig. 3.2b-c. The strength criteria for the nonlinear hinges are formulated
according to Lagomarsino et al. [57]. The compression strength of masonry
in the vertical direction fk is considered linearly related to Emas, as prescribed
in the Swiss building codes [64]:

fk = Emas=1000 (3.1)

In the absence of speci�c guidelines for horizontal compression strength,
fhk = 80%fk is assumed. Although the shear and moment capacity of ma-
sonry depend on the acting axial loads [57], the characteristic shear strength
without compression (cohesion), fv0k, is considered variable in the range of
0.1 - 0.2 MPa, according to Eurocode [65]. Following typical code-based
seismic assessment approaches, compression and shear strength values are
further reduced by a safety factor equal to 2 [64]. The maximum drift that
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Figure 3.2: Equivalent frame model: (a) Generic representation of the para-
metric model, (b) Discretization and nonlinear hinge positions, (c) Backbone
curve formulation for the nonlinear hinges. The strength criteria for the non-
linear hinges are formulated according to Lagomarsino et al. [57].

each structural element can sustain is de�ned through the ultimate inter-
story drift, �u, which is set equal to 0.4%, as suggested by the Swiss building
codes [64]. The additional mass, beyond the self-weight of the structure, is
modeled as uniformly distributed loads (qdistr) in the range of 8 - 12 kN/m,
applied to all spandrels.

In the absence of data justifying a more informed distribution, all para-
metric quantities are considered to follow a uniform distribution, within the
ranges summarized in Table 3.1. A set of 4032 random samples is generated
to perform nonlinear static and dynamic analyses.

Simulator Data

Initially, a static nonlinear pushover analysis is performed on each struc-
tural realization. The structure is pushed in both the positive and neg-
ative directions by controlling the average displacement at the roof level,
resulting from a lateral force distribution that is proportional to the modal
shape of the �rst bending mode. Subsequently, a nonlinear dynamic analysis
is conducted by applying one horizontal component of a historical ground
motion to the base of the structure, where �xed boundary conditions are
applied. The selected ground motion corresponds to the x-component of
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Table 3.1: Parameters of the EF model.

Parameter Unit Min Max

Number of 
oors (n) - 2 5
Number of pier axes (m) - 3 6
Height ground 
oor (hGF ) m 2.75 3.2
Height rest 
oors (hRF ) m 2.75 2.75
Wall length (lw) m 1 2.5
Beam length (lo) m 1 2.5
Wall and beam thickness (tw, tb) m 0.2 0.2
Beam height ground 
oor (hb;GF ) m 1 2.2
Beam height rest 
oors (hb;RF ) m 1 2.2
Masonry E-modulus (Emas) GPa 1.5 4
Masonry unit weight (wmas) kN/m3 16 18
Masonry Poisson ratio (vmas) - 0.2 0.2
Masonry shear strength (fv0k) kN 100 200
Additional distr. loads (qdistr) kN/m 8 12
Viscous damping % 1 2

the 1981 Alkion earthquake in Greece (Station: ST121, waveform: #333)
with a PGA of 0.23g [66] (Fig. 3.3). Increasing DSs are generated for
each model con�guration by scaling the ground motion to nine amplitudes:
GMscale = 0:2; 0:4; 0:5; 0:6; 0:7; 0:8; 0:9; 1:0; 1:2, corresponding to: PGA =
0:046g � 0:276g . All time-history analyses are assumed to begin from the
pristine (healthy) state. Following each ground motion, a low-amplitude
white-noise (WN) excitation (with frequency content between 1 and 40 Hz),
with a root mean square (RMS) amplitude of 0.01g is applied at the bottom
of the structure. The selected frequency range covers the natural frequencies
of low- and medium-rise masonry and concrete structures, which typically
range from 2 to 15 Hz [67]. This WN excitation simulates post-earthquake
low-amplitude vibrations. All damage-sensitive features (DSFs) are com-
puted during the WN excitation that follows the strong ground motions. As
a result, the derived DSFs evaluate changes in the dynamic characteristics
due to residual damage. The e�ect of ground motion variability on the pro-
duced damage falls outside of the scope of this work, which focuses on the
comparison of damage detection approaches in a wide range of realistic struc-
tural con�gurations. In addition, the structure remains quasi-linear under
the simulated low-amplitude WN and thus, the in
uence of the WN ampli-
tude on the computed DSFs is considered minor. Assuming such a perfect
WN excitation may not cover all real-world cases but is deemed acceptable
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Figure 3.3: The Alkion 1981 ground motion. Response depicted in time-
domain (a) and in frequency-domain (b).

for the simulation.

3.2.2 Damage labels
For the characterization of the severity of the damage sustained by the struc-
ture, an empirical mapping scheme based on the ARD ratio is employed. By
considering the bilinear approximation of the capacity curve obtained from
static nonlinear analysis (using the N2 method [68]), the idealized yield dis-
placement is used to de�ne thresholds for the distinctive global DSs (see Fig.
3.4a):

� Healthy state: maximum transient displacement below 70% of the yield
displacement

� Slight damage: 70% - 110% of the yield displacement

� Moderate damage: 110% - 200% of the yield displacement

� Extensive damage: > 200% of the yield displacement

Current practice in regional seismic vulnerability and risk assessment
adopts the ARD to characterize the severity of the damage, often comparing
it with thresholds established with an idealized version of the capacity curve
[69, 70, 71, 4]. However, while most formulations include an estimate of the
ultimate displacement capacity, the corresponding value is rather volatile and
a�ected by several underlying modeling assumptions, as well as the de�ni-
tion of the ultimate displacement capacity itself. In addition, with the vi-
sual inspection of near-collapse building states being rather straightforward,
monitoring-driven quanti�cation is not contributing much to the assessment
of such cases. Here, assessment of lower { less obvious DSs { is addressed
and these cases are de�ned on the basis of the bilinearized yield point. This
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Figure 3.4: (a) De�nition of empirical DSs on the basis of a bilinear approx-
imation of a push-over curve, (b) Damage state distribution of the dataset,
(c) Data split for training, validation and test.

uncertainty is re
ected in the reduced predictive performance with respect
to intermediate damage classes (Section 3.3). However, the de�nition of a
unique damage threshold lies outside the scope of this work, as the proposed
framework for damage characterization based on DSFs is independent from
the exact de�nition of the damage classes.

The minimum yield displacement between positive and negative direc-
tions is considered to de�ne the DS thresholds. The maximum average roof
drift (MRD) is reached during each time-series analysis is used to attribute
global DSs, by comparison with damage thresholds de�ned on the pushover
curve of each model con�guration. Such global DSs exclude separation be-
tween global and local failure modes (such as out-of-plane and soft-story
mechanisms) and coincide with the observed damage patterns that feature
distributed damage instances in all 
oors (Fig. 3.5). Considering all model
con�gurations and DSs, a total of 19010 data points are generated. The
distribution of DSs is provided in Fig. 3.4b. Although healthy data com-
prise over 55% of the dataset, the rest of the DSs are roughly balanced.
This dataset is randomly shu�ed and divided into training (64%), validation
(16%) and test (20%) sets, as illustrated in Fig. 3.4c.

The actual damage patterns that correspond to the empirically de�ned
DSs are illustrated after grouping the structural elements into three cate-
gories: piers in the ground 
oor, piers in the remaining 
oors, and spandrels
in all 
oors. For the visualization of damage at element-group level, a conser-
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vative assumption is followed: individual spandrels and piers are considered
damaged as soon as at least one of the rocking or shear hinges (Fig. 3.2)
yields. By counting the percentage of damaged elements in each group, the
damage levels are estimated as follows:

� Group Damage Level 1, if 100% of the elements are healthy.

� Group Damage Level 2, if � 75% of the elements are healthy

� Group Damage Level 3, if < 75% of the elements are healthy.

Fig. 3.5 compares the damage level of the three element groups with the
global DS attributed to the structure, based on the analyses results from
all simulated building con�gurations. For the globally healthy state (DS 0),
all the piers are healthy, while in few cases more than 25% of the spandrels
experience a nonlinear response. In more than 40% of DS 1 cases the amount
of damaged spandrels is signi�cant (damage level 3), while in 20% of the DS
1 cases piers above the ground 
oor reach the plastic range, as the lower axial
forces result in reduced lateral capacity [57]. For global DS 2, the majority of
the cases present heavily damaged spandrels, while the number of damaged
piers above the ground 
oor increases as well. In global DS 3, spandrels are
damaged in all cases. In almost all cases the piers above the ground 
oor are
partially damaged, while in 80% of the cases a signi�cant part of the piers
in the ground 
oor reaches the nonlinear range as well. Overall, damage
initiates in the spandrels, progresses to the piers in the upper 
oors, and
reaches the piers in ground 
oor at later global DSs.

3.2.3 Engineering demand parameters
Thresholds based on EDPs are typically used to separate DSs and thus form
the cornerstones of fragility functions that link earthquake intensity with the
probability of reaching a given DS [53]. Typical EDPs are the maximum
inter-story drift ratio (ISDmax), possibly limited to the ground 
oor (ISDgf ).
In addition, the MRD is evaluated, as it is used to de�ne global DSs for
each individual model con�guration and is often used in regional risk assess-
ment [52]. As EDPs are intrinsically chosen to correlate well with damage,
monitoring these quantities would facilitate precise loss assessment in the
aftermath of earthquakes. However, dynamically measuring displacements
is challenging in real structures, especially in cases of sti�, low-rise masonry
buildings. Vibration monitoring is mainly based on sensors that measure
accelerations or velocities. As the calculation of displacements through nu-
merical integration of the measured accelerations lacks consensus with the
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Figure 3.5: Damage level distribution per element group for each global
damage state (DS0 to DS3). All 19010 data are considered.

actual displacements [72], extraction of DSFs from measured acceleration or
velocity signals is more practical.

3.2.4 Damage-sensitive features
For the purposes of this work, an extensive set of features is computed in
the time and frequency domains. To de�ne a generic feature space that is
independent from the individual characteristics of each model con�guration,
the selected features are computed exclusively at the positions A to E, de-
picted in Fig. 3.2a. These sensor positions cover the ground, the �rst 
oor,
and the top 
oor of the modeled structure. The typical frequency range
that includes the main modes of vibration of buildings is 1-30 Hz. Prior
to computing features, acceleration signals are pre-processed and band-pass
�ltered between 1� 40 Hz using a Butterworth �lter to mitigate the e�ect of
noise due to spurious vibrations beyond this range. As all frequency-domain
features are computed in narrow frequency ranges within the pass-band, the
classi�cation accuracy is not expected to be sensitive to the type of �lter.
All DSFs are extracted from WN excitation, as described in Section 3.2.1,
and are summarized in Table 3.2. Additional features describing the geomet-
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Table 3.2: List of deployed acceleration-based DSFs

ID DSF Domain Pos. Notes

1-3 TAC Freq. A-B fr. ranges 1-3
4-6 TAC Freq. B-C fr. ranges 1-3
7 RMS Time A-C RMSC / RMSA
8 AR1 Time A-C 1st AR param.
9 ED1 Time A-C ground 
oor
10 ED2 Time B-C rest 
oors
11 TACbeam Freq. C-D fr. range 3
12 TACbeam Freq. C-E fr. range 3
13-15 TACbeam;GF Freq. B-D fr. ranges 1-3
16-18 TACbeam;GF Freq. B-E fr. ranges 1-3
19-21 TACTB Freq. A-C fr. ranges 1-3
22 CURVGF Freq. A-B ground 
oor
23 CURVRF Freq. B-C rest 
oors

rical con�guration are summarized in Table 3.3. Finally, selected physical
quantities of the healthy building state that can be retrieved from vibration
monitoring before a damaging earthquake, such as the natural frequencies
of the building and indirectly inferred elastic properties, are summarized in
Table 3.4. It is noted that, while the natural frequencies (features 4-6) can be
obtained from continuous ambient-vibration monitoring using conventional
operational modal analysis techniques, material and load parameters (fea-
tures 1-3) require model identi�cation approaches that are not trivial. The
uncertainties in deriving all six features are omitted in this analysis, which
evaluates an upper limit of the contribution of these features.

Time domain features

Time domain features are de�ned to capture changes in response character-
istics due to permanent structural damage. The response is evaluated at the
top of the ground 
oor and at the top of the structure (points B and C per
Fig. 3.2) under low-amplitude WN excitation. To reduce the in
uence of
the frequency content of the WN excitation, the response at points B to E is
normalized with respect to the absolute response at point A.

The RMS amplitude of the response at the top of the structure, normal-
ized to the input at the ground level, indicates global changes in the ampli-
tude of the propagated signal. To capture changes in higher-order character-
istics, a four-order autoregressive model (AR) is trained to �t the response
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Table 3.3: List of geometric con�guration features (CFs) with reference to
Fig. 3.2.

ID CFs Unit Notes

1 Ltot m Total length
2 tw m Wall thickness
3 npiers - Number of pier axes
4 Lw;tot m Total wall length
5 Lw;av m Average wall length
6 Lw;min m Minimum wall length
7 Lw;max m Maximum wall length
8 Lo;tot m Total opening length
9 Lo;av m Average opening length
10 Lo;min m Minimum opening length
11 Lo;max m Maximum opening length
12 Opperc;GF % Relative area of openings

in ground 
oor
13 Opperc;RF % Relative area of openings

in rest 
oors
14 nfloors - Number of 
oors
15 hGF m Height ground 
oor
16 hRF m Height rest 
oors

Table 3.4: List of monitoring-based inferable features (MFs)

ID MFs Unit Notes

1 Em GPa Masonry E-modulus
2 wm kN/m3 Masonry unit weight
3 qdistr kN/m Distributed load per 
oor
4 F1 Hz 1st modal freq.
5 F2 Hz 2nd modal freq.
6 F3 Hz 3rd modal freq.
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at the top (point C), normalized to the input at the ground level, and the
parameters of the AR model are included as DSFs. The choice of limiting
the AR model to the �rst four orders was purely driven by heuristics and
the change in performance with lower or higher order terms has not been
studied, yet without loss of generalization other orders could be included in
the feature set. Finally, in an attempt to formulate a feature that captures
changes in energy 
ow through the structure, approximations of the velocity
(v̂) and displacement response (û) are derived by integrating the accelera-
tion signal in the time domain. Prior to integration, the acceleration signal
is band-pass �ltered between 1 and 40 Hz through a 4th order Butterworth
�lter. The computed approximations are normalized to the corresponding
approximations of velocity and displacement at the ground level. A quantity
inspired by the kinetic energy (Êkin) is calculated by integrating the square of
the relative velocity response, while a proxy inspired by the potential energy
(Êpot) is derived by integrating the product of the relative displacement and
the absolute acceleration response.

Êkin =
Z
v̂2 dt (3.2)

Êpot =
Z
û � aabs dt (3.3)

By summing the above approximations, the quantity Ê is de�ned:

Ê = jÊkinj+ jÊpotj (3.4)

These approximate numerical integration results serve exclusively to the for-
mulation of the DSF and are not intended to capture the real displacement or
velocity response, given the inherent loss of information. Taking the points
A and B as a reference (Fig. 3.2a), two DSFs are de�ned, based on the
relative displacement and velocity evaluating the output at points B and C,
respectively. By normalizing Ê in the current state (Êd) to the reference
state (Êr), the following DSF is formulated:

ED =
Êr � Êd

Êr
(3.5)

Frequency domain features

The acceleration signals are converted to the frequency domain by imple-
menting Welch’s method [73] with 50% overlapping segments windowed with
a Hamming window. The aim of the frequency-domain features is to pro-
vide a comparison between the pristine and the potentially damaged building
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state, as opposed to identifying the exact frequency or transmissibility. In
this latter case, more advanced spectral analysis techniques would be more
suitable, as elaborated in [74]. Transmissibility-based criteria have been pro-
posed for the detection and localization of damage based on output-only
data [75]. The transmissibility function between points a and b of an elastic
system can be de�ned as the ratio of the complex amplitude of the system
responses in the frequency domain, which can be expressed as a fraction of
power spectral densities:

Ta;b(!) =
Xa(!)�Xb(!)
Xb(!)�Xb(!)

=
Ga;b(!)
Gb;b(!)

(3.6)

where Xa(!) is the complex amplitude of the system response at the point
a, as a function of the angular frequency !, and Ga;b(!) is the cross-spectral
density between the points a and b. By considering the transmissibility func-
tion between points a and b at healthy state as reference, the Transmissibility
Assurance Criterion (TAC) evaluates the goodness of �t between transmis-
sibility in the damaged and reference state in a pre-de�ned frequency range
[76]:

TACa;b =
[(T d)T (T r)]2

[(T d)T (T d)][(T r)T (T r)]
(3.7)

where T r and T d represent the truncated transmissibility vectors in reference
and damaged conditions. For the truncation of the transmissibility function,
three frequency ranges have been considered: 3� 8, 8� 15 and 15� 22 Hz.
By evaluating the transmissibility between di�erent points of the structure,
several TAC features have been de�ned, as reported in Table 3.2. Another
frequency domain feature that is de�ned between two points of the structure
and relates to the modal curvature, is expressed as follows:

CURVa;b =
�b � �a
ha;b

(3.8)

where �a represents the normalized modal displacement at point a and ha;b
the distance between the points a and b.

3.2.5 Fragility functions
A fragility function is a mathematical function that expresses the cumulative
probability of reaching a limit state as a function of an intensity measure
(IM), typically characterizing the ground motion intensity [77]. The most
common form is the log-normal cumulative distribution function (CDF):
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P (DS j IM) = �
�

ln (IM=�)
�

�
; (3.9)

where P (DS j IM) is the probability that ground motion with intensity
measure IM will cause the structure to reach the limit state DS, � is the stan-
dard normal cumulative distribution function with median � and standard
deviation �. The parameters of the fragility function, � and �, are uniquely
de�ned for each DS.

The probability of reaching a DS for a given IM level can be estimated as
the fraction of records, for which the damage-de�ning variable, for instance
roof drift ration, falls in a de�ned interval. To �t a log-normal cumulative
distribution function, the median and standard deviation must be estimated,
for example, using the maximum likelihood method [78, 79]. Although log-
normal distributions are the most common choice for fragility functions, beta
functions may also be used [80]. Once established, a fragility function enables
the prediction of the probability of a building to be in a given DS using the
IM, as shown in Eq. 3.9. The same procedure can be used to �t fragility
functions based on either EDPs or DSFs, which can be measured directly.
Fragility functions, based on IMs, are widely used in rapid loss assessment,
especially at regional level [81, 82].

3.2.6 Supervised machine learning approaches
Provided the availability of labeled data, supervised classi�cation schemes
have demonstrated good performance in damage detection and characteriza-
tion tasks: by fusing information from multiple features, classi�ers produce
robust damage predictions. However, in real-world SHM applications lim-
ited labeled data from damaged conditions undermine a direct application
of supervised damage classi�cation schemes. Yet, increased computational
capabilities enable the simulation of large volumes of data from high-�delity
computational models. In this work, two ML architectures are deployed,
Convolutional Neural Networks (CNNs) and Decision Trees (DTs). The per-
formance of the algorithms is evaluated by means of predictive classi�cation
performance in the test set (Section 3.2.2). Three di�erent sets of features
are considered: (i) only DSFs (see Table 3.2), (ii) DSFs + geometric con�g-
uration features (CFs per Table 3.3), and (iii) DSFs + CFs + monitoring-
inferred structural features (MFs per Table 3.4). The split of the data into
training, validation, and test sets is described in Section 3.2.2.
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XGBoost architecture

Information from various features can be used to perform supervised learning
of a robust damage classi�er, namely gradient-boosted DTs [83], as imple-
mented in the XGBoost algorithm [1]. While traditional DTs use hard con-
ditions to classify data into target labels, the XGBoost algorithm parallelizes
the training of multiple DTs. For a given training set with n samples and m
features, a tree ensemble model (Fig. 3.6a) uses K decision trees to derive
predictions ŷi corresponding to the real class yi as follows:

ŷi =
KX

k=1

fk(xi); fk 2 F ; (3.10)

where xi represents the feature vector, fk is the kth tree function, and F refers
to the tree space. The optimal set of functions is derived by minimizing the
following regularized objective:

L =
mX

i=1

l(ŷi; yi) +
KX

k=1


(fk) (3.11)

The �rst term, l, represents a di�erentiable convex loss function and ac-
counts for the prediction accuracy. The second term, 
, is a regularization
term that penalizes the complexity of the model, thus preventing over�tting.
This regularized objective function is designed to select a model that employs
simple and predictive functions. However, including functions as parameters
prevents the application of traditional optimization methods in Euclidean
space. Thus, the model is trained in an additive manner, by adding tree
functions and keeping those that improve the predictive accuracy without
increasing the complexity signi�cantly. The detailed derivation of the gradi-
ent tree boosting algorithm is documented in [1]. For the implementation of
the algorithm, the open source python library https://xgboost.readthedocs.io/
has been deployed, by adopting the default values for the hyperparameters.
Logistic regression has been used as an objective function, while the valida-
tion metric is the negative log-likelihood on multi-class classi�cation error
rate: wrong cases / all cases.

Convolutional Neural Network architecture

Provided extensive labeled datasets for training and validation, neural net-
works have demonstrated very high performance in damage classi�cation
tasks, by combining information from multiple features [32, 35]. Typically,
CNNs are deployed directly on time-series measurements [84] or picture data
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Table 3.5: Selected architecture for the feature extractor.

ID Layer Output size Activation Dropout

1 Input n. of features
2 1D Conv. n. of features tanh -
3-6 1D Conv. n. of features tanh 25 %
7 Dense 200 tanh 50 %

[85]. In this work a CNN architecture is deployed on the pre-computed
features (see Section 3.2.4), as illustrated in Fig. 3.6b. The architecture
comprises a latent-space feature extractor and a damage classi�er. This sep-
aration is compatible with the domain adaptation framework introduced in
Section 3.2.7. The generic layer structure of the feature extractor contains an
input layer with the length of the initial feature space and a variable number
of 1D CNN layers with a kernel size of 3, followed by dropout regularization
and a hyperbolic tangent activation function (tanh). Finally, a dense layer
(fully connected) with variable output length is added for the computation
of the latent features. The number of convolutional layers and the length
of the latent feature space are tuned through a grid search within the range
described in Table 3.7.

The latent-space features produced by the feature extractor are provided
as input to the damage classi�er, which consists of four dense layers that
output the predicted damage class. The size of the dense layers has been
selected following a grid search in the range 50 to 1000 neurons. The model
output in terms of the predicted damage class is provided through a softmax
activation function. The detailed architectures of the feature extractor and
the damage classi�er are reported in Tables 3.5 and 3.6, respectively. The
Adam optimizer is used, and a grid search is conducted, in order to tune
the hyperparameters of the model. Although more e�cient methods for the
estimation of the optimal set of hyperparameters exist [86, 87], this task lies
beyond the scope of the present work. The ranges of the hyperparameters
and the selected values are summarized in Table 3.7.

3.2.7 Domain adaptation framework
Domain adaptation aims to improve the predictive performance of a clas-
si�er in the target domain, for which no labels are available, by training
the classi�er with labeled data from the source domain and limited unla-
beled data from the target domain. For instance, the source domain could
consist of a simulation model, and the target domain a real-world struc-
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Table 3.6: Selected architecture for the damage classi�er.

ID Layer Output size Activation Dropout

1 Input 200
2 Dense 400 tanh 20 %
3 Dense 200 tanh 20 %
4 Dense 50 tanh 20 %
5 Dense n. of classes softmax

Table 3.7: CNN hyperparameters ranges and selected values.

Parameter Min Max Selected value

N. of CNN layers 2 6 4
Latent space length 20 300 200
Learning rate 0.0001 0.01 0.001
Batch size 4 64 8

ture. Here, a Domain Adversarial Neural Network approach (DANN [47]) is
implemented, which capitalizes on Generative Adversarial Networks (GAN
[88]). The adopted DANN architecture, illustrated in Fig. 3.7, comprises
three elements: a latent-space feature extractor (FE) that maps the input
to a D-dimensional latent feature vector (fl), a damage classi�er (DC) that
maps fl to a prediction of DS, and a domain discriminator (DD) that maps
fl to a binary domain label. By denoting the trainable parameters of each
component with �, a uni�ed objective function can be formulated:

E(�FE; �DC ; �DD) = Ly(�FE; �DC)� � � Ld(�FE; �DD)

(�̂FE; �̂DC) = arg min
�F E ;�DC

L(�FE; �DC ; �̂DD)

�̂DD = arg max
�DD

L(�̂FE; �̂DC ; �DD)

(3.12)

In Eq. 3.12, the �rst part (Ly) minimizes the label prediction loss, as
conventionally done for supervised ML approaches. The second part (Ld) is
an adversarial loss that behaves di�erently in forward and backward prop-
agation. In forward propagation, the domain prediction loss is maximized.
The weights of the feature extractor are trained so that the latent feature
space remains domain-invariant. In back-propagation, the domain prediction
loss is minimized. The weights of the domain discriminator are trained, with
the goal of maximizing the precision of predicting the origin of the latent-
space features. The parameter � controls this transition and is materialized
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Table 3.8: Selected architecture for the domain-discriminator.

ID Layer Output size Activation Dropout

1 Input 200
2 Dense 100 tanh 20 %
3 Dense 50 tanh 20 %
4 Dense 2 softmax -

by introducing a gradient reverse layer (GRL) between the feature extractor
and the damage classi�er [47].The adaptation parameter � is initiated at 0
and is progressively increased to 1 along the training epochs, through the
following schedule:

� =
2

1 + e�10�p � 1 (3.13)

where p is the training progress linearly changing from 0 to 1. This
strategy prevents the domain classi�er from being sensitive at the early stages
of the training procedure [47].

The generic layer structure of the feature extractor and the damage clas-
si�er is described in Section 3.2.6 and summarized in Tables 3.5 and 3.6. The
domain discriminator contains three dense layers with variable lengths, lead-
ing to the number of damage classes. The output length of the dense layers
has been selected after a grid search in the range 50 to 1000. The model
produces a binary prediction of the original domain, through a softmax ac-
tivation function. The detailed architecture of the domain discriminator is
reported in Table 3.8.

3.3 Simulated data of earthquake damage

3.3.1 Damage prediction based on fragility functions
The damage prediction performance of individual EDPs and DSFs is eval-
uated with the simulation data presented in sections 3.2.1 and 3.2.2. For
each feature, fragility functions, describing the probability of reaching the
respective DSs (Fig. 3.4a), are derived by considering only the training data
(Fig. 3.4c) and by �tting a log-normal distribution to the empirical CDF,
as explained in Section 3.2.5. The predictive performance is evaluated with
the test data by computing the predictive accuracy, as a function of true
positives (TP), false positives (FP), true negatives (TN), and false negatives
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(FN):

Accuracy =
TP + TN

TP + TN + FP + FN
(3.14)

Furthermore, a less strict accuracy metric, termed \soft" accuracy, is com-
puted and accepts predictions that yield � 1 damage class from reality. The
predictive performance is illustrated with confusion matrices, where each row
contains the normalized or absolute number of instances in an actual damage
class and each column contains the corresponding number of instances in a
predicted damage class.

Fragility functions evaluate the probability that the structure reaches a
speci�c DS based on the value of a single IM. Here, the peak ground accelera-
tion (PGA) is considered as IM. Fragility functions for all damage grades are
derived using training data (Fig. 3.4c) and plotted in Fig. 3.8. While there
is a clear distinction between healthy state (DS 0) and damaged states (DS
1-3), the predictive accuracy is very poor (below 50%). As illustrated in the
corresponding probability density functions (3.10a), the probability of DS 1
is always lower than the probability of DS 0 and 4, while the probability of
DS 2 exceeds DS 3 for higher PGA values. This is re
ected in the confusion
matrices evaluated in the test data (Fig. 3.8), where the prediction of DS 1 is
missing and most of the data belonging to DS 2 are misclassi�ed. It is noted
that unlike in regional seismic risk applications [89], no post-processing of the
fragility functions is made to avoid such crossing of fragility functions that
describe increasing DSs and no hard assumptions that usually help avoiding
such behavior, such as equal standard-deviation for all DSs, is taken. Over-
all, the poor predictive performance indicates that information solely from
the ground, expressed through IMs, is insu�cient to provide robust damage
estimates. While IM-based fragility functions { often derived with single de-
gree of freedom systems (SDOF) { re
ect the state of practice for seismic
risk analyses at regional scale, the poor correlation of the studied IM with
the predicted DSs underline their limited structure-speci�c applicability to
complex multi-degree of freedom systems (MDOF). In Fig. 3.8a to c, the
fragility curves are created based on three di�erent subsets of the training
data, considering exclusively two-
oor con�gurations, exclusively four-
oor
con�gurations, and the entire training set that comprises buildings with two
to �ve 
oors. The predictive accuracy is tested in the corresponding sub-
sets of the test set, yielding similarly low accuracy levels in all cases. This
observation con�rms that the predictive performance of IM-based fragility
functions remains poor, even when the number of 
oors is �xed.

EDPs are structural response quantities that typically rely on displace-
ments to estimate structural (and non-structural) damage. Measuring dis-
placements directly in real buildings is challenging and the related costs al-
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Figure 3.8: Fragility curves for all DSs based on training data (top) and con-
fusion matrices re
ecting the accuracy when applied to test data (bottom).
The x-axis of the fragility curves corresponds to PGA. Model con�gurations:
(a) 2-
oor buildings, (b) 4-
oor buildings and (c) 2- to 5-
oor buildings.

most prohibitive, especially in low- to medium-rise masonry buildings with
displacements in the order of millimeters. However, assuming displacement
measurements are available, fragility functions are developed that depend
directly on three characteristic EDPs, namely the MRD, ISDmax, and ISDgf ,
as described in Section 3.2.3. Fig. 3.9a illustrates the fragility functions for
ISDgf , which produced the best accuracy, resulting from the training dataset
that includes only 2-
oor con�gurations. The confusion matrix evaluated in
the test set displays a 70% accuracy and 97% soft accuracy (accepting �1
damage classes). While the damage labels for each individual model con�gu-
ration are de�ned based on the corresponding capacity curve (Section 3.2.2),
the fragility functions are developed collectively, considering the training set
(Fig. 3.4c) that includes data from all model con�gurations. As a result, the
accuracy for individual structures is not perfect, which is attributed to the
inevitable simpli�cations associated with SDOF systems that approximate
the nonlinear characteristics of complex MDOF structures. Nevertheless,
the fragility functions based on EDPs o�er an upper bound to the accuracy
of damage classi�cation, in the idealized case of measurable displacements.
Additionally, the soft accuracy indicates a clear separation between lower
and higher DSs (DS 0 and DS 3 respectively, per Fig. 3.4). The increased
confusion in DS 1 and 2 is attributed to the fact that the ISDgf is sensitive
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Figure 3.9: Fragility functions derived from training data (top) and confu-
sion matrices evaluated on test data (bottom). The x-axis corresponds to:
(a) Inter-story drift at ground 
oor (only 2-story con�gurations), (b) Inter-
story drift at ground 
oor (2- to 5-story con�gurations), (c) Best performing
individual DSF (2- to 5-story con�gurations).

to damage in ground 
oor, which mostly concerns DS 3 (Fig. 3.5). Fig.
3.9b contains the same information after including all available model con-
�gurations (with two to �ve 
oors) for both training and testing. Absolute
accuracy drops to 66%, which is slightly less than in the previous case and in-
dicates the increased uncertainty in the fragility curves when multiple model
con�gurations are considered.

The same procedure is applied to all DSFs reported in Table 3.2, consid-
ering the complete training set that contains all building con�gurations. The
predictive accuracy evaluated in the test set for each feature individually is
reported in Table 3.9. The highest accuracy (56%) is achieved by DSF #7,
which is the RMS amplitude of the normalized response at the top of the
structure (Table 3.2). The corresponding soft accuracy is 91%. As expected,
both the absolute and soft accuracy are lower than the ISD, although signif-
icantly higher than the IM. It is mentioned that all DSFs are computed on
the basis of the acceleration response in the pre-de�ned positions mentioned
in Fig. 3.2a and represent measurable features, assuming that the structure
is instrumented with accelerometers.

Fig. 3.10 illustrates the probability density functions for all DSs by con-
sidering the PGA, the ground 
oor inter-story drift and the best performing
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Table 3.9: Accuracy and soft accuracy (� 1 damage class) obtained from
applying fragility functions to the test set. Fragility functions are formulated
with respect to either intensity measures (IMs), engineering demand param-
eters (EDPs), or damage-sensitive features (DSFs). The maximum accuracy
achieved for each category (IM, EDP, DSF) is highlighted in bold.

Type ID Description Accuracy Soft accuracy

IM - PGA 0.41 0.67
EDP - MRD 0.59 0.95
EDP - ISDgf 0.66 0.97
EDP - ISDmax 0.59 0.95
DSF 1 see Table 3.2 0.52 0.84
DSF 2 see Table 3.2 0.52 0.83
DSF 3 see Table 3.2 0.47 0.79
DSF 4 see Table 3.2 0.52 0.85
DSF 5 see Table 3.2 0.52 0.83
DSF 6 see Table 3.2 0.47 0.79
DSF 7 see Table 3.2 0.56 0.91
DSF 8 see Table 3.2 0.49 0.83
DSF 9 see Table 3.2 0.51 0.83
DSF 10 see Table 3.2 0.52 0.83
DSF 11 see Table 3.2 0.47 0.79
DSF 12 see Table 3.2 0.48 0.79
DSF 13 see Table 3.2 0.45 0.88
DSF 14 see Table 3.2 0.50 0.83
DSF 15 see Table 3.2 0.47 0.79
DSF 16 see Table 3.2 0.46 0.89
DSF 17 see Table 3.2 0.50 0.83
DSF 18 see Table 3.2 0.48 0.79
DSF 19 see Table 3.2 0.53 0.85
DSF 20 see Table 3.2 0.53 0.83
DSF 21 see Table 3.2 0.48 0.79
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Figure 3.10: Probability density functions for all DSs based on training data
for all model con�gurations. The x-axis corresponds to: (a) PGA, (b) Ground

oor inter-story drift and (c) Best performing individual DSF

DSF as damage indicators. For the case of PGA, the overlapping of the
curves corresponding to global DSs above 0 re
ects the inability of the IM
to di�erentiate between damaged states based on the maximum probability
principle. For the case of the ground 
oor inter-story drift and the best
performing DSF, the distributions are separable and consistent with the in-
creasing level of damage. The inevitable overlapping is the main source of
confusion in the prediction of damage based on individual features. As di�er-
ent features are sensitive to di�erent DSs, in the next section multiple DSFs
are fused in order to improve the overall predictive performance.

3.3.2 Damage state prediction with supervised machine
learning approaches

Two ML approaches, namely XGBoost and CNNs, are leveraged to fuse
the information from multiple features. As described in Section 3.2.6, the
input for both networks is a set of pre-computed features, the output is the
prediction of the DS, while three di�erent sets of features are considered.
The results obtained for both classi�ers on all three feature-combinations
are summarized in Fig. 3.11.

Both architectures demonstrate signi�cantly better predictive performance
compared to fragility functions based on individual features. Considering
only DSFs, the XGboost architecture yields 66% accuracy and 96% soft ac-
curacy, which is comparable to the predictive performance of the ISD. This
demonstrates that fused acceleration-based DSFs have the potential to yield
predictive performance that reaches the level of hypothetically known ISD.
Including geometric con�guration features (CFs) increases the predictive ac-
curacy to 70% and 97% (soft accuracy). In a step further, characteristic
structural properties (MFs per Table 3.4) that are possible to infer through
model updating frameworks [67] are considered. Although signi�cant compu-
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Figure 3.11: Predictive performance of supervised ML approaches. Three
sets of available features have been considered: (a) Only DSFs, (b) DSFs
and CFs and (c) DSFs, CFs and MFs.

tational e�ort is required for this task, the improvement in terms of accuracy
is only marginal (Fig. 3.11c). Overall, the predictive performance of the CNN
architecture is consistently inferior to that of the XGBoost architecture. This
is attributed to the limited amount of training data and to the ability of the
XGBoost architecture to reduce over�tting through regularization.

Fig. 3.12 demonstrates the feature importance for the classi�cation de-
cisions of the XGBoost architecture for the three combinations of features
tested. The normalized RMS amplitude and the TAC between points B and
C (Fig. 3.2a) have the largest impact on the damage classi�cation. This high-
lights the importance of fusing various features at multiple positions along
the structure to improve the performance of damage prediction. Speci�-
cally, sensor data from the ground, the top of the ground 
oor, and from
di�erent positions at the top of the structure provide valuable information
for DS prediction in frame-type structures. When features characterizing
the geometric con�guration are added to the feature space, the number of

oors signi�cantly contributes to the predictions, showing the importance
of this information to adapt the classi�er to datasets with multiple 
oor-
con�gurations. Finally, when MFs are available, the fundamental frequency
and the equivalent elastic modulus further improve the accuracy of damage
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Figure 3.12: Feature importance for the damage classi�cation by the XG-
Boost architecture. Di�erent feature-sets are considered: (a) Only DSFs, (b)
DSFs and CFs and (c) DSFs, CFs and MFs.

prediction. This information facilitates the di�erentiation between model
con�gurations that share the same amount of 
oors but vary in sti�ness.

3.4 Application to real data of large-scale shake-table
tests

The performance of the domain adaptation framework described in Section
3.2.7 is evaluated on the data from a large-scale masonry-in�lled reinforced
concrete (RC) frame [90]. The tested specimen was a two-dimensional three-

oor frame structure and, therefore, complies with the modeled geometries
considered in this study. However, the structural system di�ers, since the test
structure consisted of RC frames and in�ll walls, while the numerical models
used here represent unreinforced masonry shear-wall buildings. Therefore,
the domain adaptation is performed for a challenging case of discrepancy
between the simulated training set and the real building, on which damage
classi�cation is attempted.

3.4.1 Experimental data
The experimental structure (see Fig. 3.13a-b) represented existing build-
ings in California built in the 1920s. It was excited by the ground motion
recorded during the 1989 Loma Prieta earthquake at the Gilroy Array #3
station, which was scaled to increasing amplitudes (see [90] for a more de-
tailed description of the experimental campaign).

Damage classi�cation is performed for eight tests, with intensities ranging
from 20% to 120% of the original earthquake. Although many quantities and

174



Experiment

(b)(a)

Shaking direction

2.24 m

3.66 m 3.66 m

2.24 m

2.24 m

Dynamic response measuring positions.  

(c)

B
as

e 
sh

ea
r 

[k
N

]

0

500

1000

1500

-500

-1000

Average drift [%]
-0.1             0               0.1            0.2            0.3            0.4

Peak values

Gilroy 20% (no damage)
Gilroy 40% (no damage)
Gilroy 67% (minor damage)
Gilroy 67% (minor damage)
Gilroy 83% (some damage)
Gilroy 91% (some damage)
Gilroy 100% (major damage)
Gilroy 120% (major damage)

Gilroy 67%

Gilroy 91%

Figure 3.13: Overview of the test specimen and dynamic tests: (a) photo of
the tested specimen, (b) summary of sensor locations used to derive DSFs
and dimensions of the specimen, (c) backbone curve of the peak displace-
ments and corresponding base force, together with the response-history of
two ground motions.

positions were monitored during the tests, the measured acceleration signals
at �ve locations marked in Fig. 3.13b are used to compute the DSFs outlined
in Section 3.2.4. The �ve sensors are chosen to comply with the simulated
acceleration data that is used to train the classi�er (see Fig. 3.2a).

The building capacity is approximated with the MRD and reaction force
at the base that are reached during the earthquake tests, as shown in Fig.
3.13c. The backbone curve is comparable to the simulated pushover curves,
which are used to de�ne simulated DSs (see Fig. 3.4a). The DS observed
in the specimen after each earthquake is also reported in Fig. 3.13c. Given
that the characterization of the DS is based on observations and qualitative
assessment, the DSs may not fully correspond to the de�nition used in the
numerical simulations in this study. Yet, they re
ect realistic conditions.

Following each earthquake motion, the structure was subjected to WN
excitations with RMS amplitudes of 0.03g and 0.04g. These are used here to
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derive the DSFs. The application is based on real data and, thus, includes
sensor noise and randomness of WN signals. However, it is noted that the
amplitude of the WN excitation exceeds typical ambient vibrations and re-
mains approximately constant over all test runs. Therefore, the monitoring
data has a high signal-to-noise ratio.

3.4.2 Damage prediction with pre-trained classi�ers
As a reference point, the predictive performance of the ML algorithms, pre-
trained on simulation data (Section 3.3.2), is evaluated on the experimental
data. The XGBoost and CNN classi�ers are tested on DSFs derived from the
WN excitation in di�erent DSs. The test data is segmented into 10-second
windows resulting in a total of 567 labeled datapoints with the following
distribution:

� 261 DS 0 (46%)

� 109 DS 1 (19%)

� 98 DS 2 (17%)

� 99 DS 3 (17%)

Since the ML models are pre-trained exclusively with the simulation data,
the entire set of experimental data can be used for testing. As explained in
the following section, 50% of the healthy experimental data are used to train
the domain adaptation network. To keep the same test set for the super-
vised and the DANN architectures, 50% of the healthy data, labeled DS 0,
are excluded from the test set. Fig. 3.14a and b visualize the predictive
performance of the pre-trained networks when exposed to the experimental
data (target domain). The XGBoost architecture achieves an absolute ac-
curacy of 58% and a soft accuracy of 89%. The confusion matrix exposes a
signi�cant bias towards predicted class 3 (DS 2), while the network shows
poor performance in separating the healthy data (classes 1 and 2) from the
damaged classes. CNN’s performance is signi�cantly worse, achieving an ab-
solute accuracy of 25% and a soft accuracy of 77%. Again, there is a clear
bias with respect to predicted class 3. These results expose the inability of
pre-trained networks to generalize their predictive performance in domains
that di�er signi�cantly from the training set. ML classi�ers over�t to the
source domain (simulations) and thus cannot adapt to the target domain,
which di�ers from the source domain in terms of material (RC vs. simulated
masonry), structural system (in-�lled RC frame vs. unreinforced masonry
walls), and origin (simulations vs. experimental data with inherent noise).
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Figure 3.14: Predictive performance of Machine learning algorithms in the
target domain: (a) pre-trained XGBoost, (b) pre-trained CNN and (c)
DANN.

3.4.3 Damage prediction with domain adaptation
Domain adaptation aims to improve the predictive performance of a classi-
�er in the target domain, for which only limited data are available, referring
exclusively to the healthy state of the structure. The DANN architecture
described in Section 3.2.7 is deployed, comprising three elements: a latent-
space feature extractor, a damage classi�er, and a domain discriminator.
Apart from the common training set that contains the simulation data (Fig.
3.4c), 50% of the healthy data from the target domain (DS 0) are considered
for training, without providing the label of their DS. The remaining experi-
mental data is kept for testing. Finally, a binary domain label is attributed:
0 for the source domain and 1 for the target domain.

Fig. 3.14c illustrates the performance of the DANN network in the target
domain. Absolute accuracy reaches 67% and the soft accuracy 94%, show-
ing a signi�cant improvement compared to the pre-trained networks. The
DANN successfully separates the healthy class (DS 0) from the damaged
classes. Furthermore, the heavy damage classes (DS 2 and 3) are success-
fully separated from the minor damage (DS 0 and 1). The prediction of DS
1 is only correct in 37.6% of the cases, although the confusion is limited to
�1 DSs. It is mentioned that the de�nition of damage in the experimental
data was based on visual observations and involved qualitative evaluations
of DS based on four empirical levels, namely \no damage", \minor damage",
\some damage" and \major damage". Similar qualitative levels have been
adopted for the formulation of damage thresholds in the simulation data,
as described in Section 3.2.2. Although the hard assumptions for the DS
thresholds do not directly a�ect the healthy state and the heavy damaged
states, DS 1 and DS 2 are sensitive to the exact values of the thresholds and
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the assumptions made when deriving the equivalent yield point. Therefore,
the observed uncertainty in predicting DS 1, as well as the partial confusion
between DS 2 and 3 are deemed acceptable.

Overall, the deployed domain adaptation framework yields satisfactory
results in predicting DS in the target domain, from which very limited and
unlabeled data is considered, referring exclusively to the reference (healthy)
state. In a practical context, this data can be acquired through ambient
vibration measurements prior to an earthquake. By comparing the perfor-
mance of the DANN with the corresponding pre-trained CNN, sharing the
same architecture in the feature extractor and the damage classi�er segments,
a signi�cant improvement in prediction accuracy is achieved. The limited in-
formation from the experiments, which does not contain data from damaged
con�gurations, allows the DANN network to adapt successfully to the tar-
get domain. These results demonstrate the potential of DANN to transfer
knowledge from numerical simulations to real-world monitoring applications.

3.5 Conclusions

This paper contains a thorough comparison of the damage classi�cation per-
formance of a large ensemble of DSFs, evaluated on an extensive dataset of
nonlinear simulations of masonry structures with varying geometrical con�g-
urations and material properties. With two popular machine learning classi-
�ers, namely the XGBoost and CNN, multiple features have been fused into
robust damage indicators. Finally, a DANN architecture is used to generalize
the damage classi�cation knowledge obtained from numerical simulations to
real-world data from a large-scale shake-table test.

Fragility functions, involving individual DSFs, are used to compare their
predictive performance with EDPs and IMs. DSFs, which are measurable,
are shown to outperform PGA, which is a widely used IM to characterize
the ground motion intensity, especially for regional risk and damage assess-
ment. Although EDPs outperform individual DSFs in predicting damage,
their monitoring in real applications is challenging, thus rendering their use
impractical. However, fusing information of multiple features through ML
algorithms signi�cantly increases the accuracy of damage prediction, even
beyond the accuracy achieved with individual EDPs. Therefore, ML-based
fusion of vibration-based DSFs comprise a practical alternative for damage-
tagging in the aftermath of earthquakes.

Attempting to generalize the knowledge obtained from simulations to
real structures, a domain adaptation framework that capitalizes on DANNs
is formulated and evaluated on large-scale shake-table data. Domain adap-
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tation leverages limited data from a new domain (i.e., the real structure)
to improve the predictive performance of a classi�er that is trained in a
known domain (i.e., numerical simulations). Comparing the performance of
the DANN with pre-trained ML networks, a signi�cant improvement in the
accuracy of predicted DSs is observed. By exploiting very limited informa-
tion from the experimental data, pertaining exclusively to the healthy state,
the DANN network adapts successfully to the target domain, which di�ers
from the source domain in terms of structural system (RC frames instead of
unreinforced masonry shear walls) and data quality (simulations instead of
experimental data with inherent noise). The successful domain adaptation
in such an extreme case of divergence between the source and target domains
demonstrates the powerful potential of DANN in transferring knowledge from
simulations to real-world monitoring applications.

This paper proposes a framework that combines traditional SHM tech-
niques with novel ML tools to fuse information from various measurable
features into robust damage indicators. Additionally, by deploying a do-
main adaptation framework, it is demonstrated - in practical terms - how
knowledge obtained from simulations can be harvested to improve damage
detection and post-event safety tagging of real buildings, where labeled data
are scarce.
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Key �ndings

� A novel semi-supervised framework for sensor fault detection and char-
acterization is proposed, relying on limited data pertaining to \healthy"
operating conditions. The framework is designed to be structure-agnostic
and independent of the type, amount and locations of sensors.

� Su�cient accuracy in terms of anomaly detection is achieved in two
intrinsically di�erent datasets, re
ecting the seamless adaptation of
the algorithm to various data domains
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� The term \decision trajectories" is introduced in the context of SHM,
illustrating the feature impact and the feature dependencies that drive
individual model predictions and enabling the characterization of new
fault types and the automatic classi�cation of anomalies to known fault
classes.

� In addition to sensor faults, anomalies could be detected due to extreme
EOCs or structural damage. Evaluating the corresponding decision
trajectories could facilitate the understanding of the nature of new
faults.
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Abstract

Structural Health Monitoring (SHM) of critical infrastructure comprises a
major pillar of maintenance management, shielding public safety and eco-
nomic sustainability. Although SHM is usually associated with data-driven
metrics and thresholds, expert judgement is essential, especially in cases
where erroneous predictions can bear casualties or substantial economic loss.
Given that inspections are time consuming and potentially subjective, arti�cial-
intelligence tools may be leveraged in order to minimize the inspection e�ort
and provide objective outcomes. In this context, timely detection of sen-
sor malfunctioning is crucial in preventing inaccurate assessment and false
alarms. The present work introduces a sensor fault detection and interpreta-
tion framework, based on the well-established support-vector machine scheme
for anomaly detection, combined with a coalitional game-theory approach.
The proposed framework is implemented in two datasets, provided along the
1st International Project Competition for Structural Health Monitoring (IPC-
SHM, 2020), comprising acceleration and cable-load measurements from two
real cable-stayed bridges. The results demonstrate good predictive perfor-
mance and highlight the potential for seamless adaption of the algorithm to
intrinsically di�erent data domains. For the �rst time, the term \decision tra-
jectories", originating from the �eld of cognitive sciences, is introduced and
applied in the context of SHM. This provides an intuitive and comprehensive
illustration of the impact of individual features, along with an elaboration on
feature dependencies, that drive individual model predictions. Overall, the
proposed framework provides an easy-to-train, application-agnostic and in-
terpretable anomaly detector, which can be integrated into the pre-processing
part of diverse SHM and condition-monitoring applications, o�ering a �rst
screening of the sensor health prior to further analysis.

4.1 Introduction

The built environment and its infrastructure systems form the backbone
of modern societies. However, ageing infrastructure components, increasing
transportation needs, limited infrastructure budgets and the massive carbon
footprint of the construction industry are challenging engineers, operators
and decision-makers. Structural health monitoring (SHM) has emerged as
a powerful enabler of risk-informed extension of the service life of ageing
infrastructure and industrial assets by allowing safe utilization of reserve
capacity, while reducing excessive safety margins [1]. Many SHM applications
have emerged in the past [2, 3], ranging from data-driven damage detection
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[4, 5, 6] to model-updating for higher-end damage identi�cation tasks [7,
8]. These include damage characterization and quanti�cation, as well as
prognostic tasks, for instance the inference of structural capacity and residual
life prediction [9, 10, 11]. A common aspect of all SHM applications resides
in the reliance on structural sensing to gain insights into structural behavior.
Amongst available techniques, vibration-based SHM [12, 13], which relies on
the monitoring of dynamic response, is currently the most broadly established
and widely researched approach.

In recent years, machine-learning (ML) techniques have been increas-
ingly applied to vibration data to perform damage detection in engineering
structures [14, 15, 16, 17]. Such approaches may be classi�ed as supervised,
semi-supervised or unsupervised, depending on the data labels required for
training. While Supervised methods [18] capitalize on the availability of la-
beled data for achieving damage classi�cation, unsupervised approaches have
also been proposed and successfully applied in pattern recognition and clas-
si�cation tasks [19]. For many practical application, where the availability
of labeled data is scarce or tedious to provide, semi-supervised approaches
carry promising potential in novelty detection tasks [20]. One-class classi�ers
(OCCs) trained on data belonging to a known class, namely the \normal" or
\healthy" class, gained signi�cant popularity due to fast training and remark-
able predictive performance in anomaly detection. Properly trained OCCs
attribute new observations either to the initial distribution (\normal") or to
an alternative class: outliers / anomalies; a separation which might require
a hard de�nition of a threshold.

In the context of supervised learning, Chen and Guestrin [21] introduced
the XGBoost algorithm, achieving particularly rapid learning through par-
allel and distributed computing, while ensuring e�cient memory use. Zhang
et al. [22] demonstrated the superior performance of XGBoost classi�ers
when dealing with multi-dimensional feature sets, especially in terms of pre-
venting model over�tting [23]. Given these bene�ts, XGBoost has gained
popularity across diverse data science applications. Although ML has been
successfully applied in damage detection tasks [24, 25, 26], most advanced al-
gorithms fall into the category of black-box models that provide very limited,
if any, information regarding the underlying decision-making process. In the
aftermath of recent catastrophic failures within the structural and geotech-
nical engineering context, numerous forensic engineering reports exposed the
link between failures and asset-management decisions related to structural
components [27]. Despite recent advances in simulation and computational
capabilities, the lack of interpretability of models, be it black-box ML-based
or complex �nite element models, undermines the trust of practitioners in
their predictions and ultimately prevents a broader adoption in real-world
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problems within the SHM context. This limitation is even more prominent
in damage detection and characterisation tasks, due to the absence of su�-
cient labeled data. Moreover, sensor malfunctioning and ageing may lead to
erroneous condition assessment [28] and redundant sensor placement, which
is neither �nancially nor environmentally sustainable. Particularly to what
concerns this latter point, a framework to perform comprehensible and auto-
mated detection of sensor malfunctioning that is not structure-speci�c could
not be found in the relevant literature.

The need for techniques to interpret ML model outcomes has delivered
rich research in recent literature [29]. Ribeiro et al. [30] proposed the de-
velopment of interpretable surrogate models, capable of approximating local
predictions of an over-arching black-box model. Although intuitively simple,
this method su�ers from the unresolved issue of the neighborhood de�nition,
which bounds the region of �t between surrogate and black-box model. An-
other approach based on coalitional game theory was recently proposed by
Lundberg et al. [31]. The SHAP algorithm allows for the interpretation of
individual decisions of black-box models through an e�cient computation
of the Shapley values, which quantify the contribution of each feature to
the overall prediction outcome [32, 33, 34]. Shapley values, in the context
of ML-based applications, provide insights into the marginal contribution
of each feature to the �nal class prediction (e.g. \normal" or \abnormal").
Therefore, SHAP presents an additive feature attribution method that de-
�nes the class output as summation of the real values attributed to each
(input) feature. While conventional feature importance algorithms, such as
Neighborhood component Analysis [35], estimate the impact in a more global
sense, local interpretability allows for a comparison between individual pre-
dictions of the black-box model. Assembling this information for each target
class uncovers the driving features behind each class prediction, as well as
their positive or negative impact. SHAP has been implemented by Lundberg
et al. [36] within a medical context, by Bussmann et al. [37] for �nancial
applications and by Parsa et al. [38] to derive common causes of accidents.
Applications of explainable ML in the context of SHM are scarce. Lim and
Chi [39] implemented an XGBoost classi�cation model to estimate the sever-
ity of damage levels of bridges, based on visual inspections. Explainable
ML enabled the identi�cation of the key features that link to the observed
damage. Onchis et al. [40] combined Local Interpretable Model-agnostic Ex-
planations (LIME) with the SHAP algorithm, in order to infer the location
and the depth of cracks in monitored cantilever beams, while emphasizing
the contribution of individual features to preventive maintenance decisions.
Movsessian et al. [41] introduced a decision tree-based methodology to ex-
plain a Mahalanobis distance-based novelty index for damage detection. The
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methodology was demonstrated on a wind turbine blade with an additional
point mass to simulate damage in di�erent locations. Observing the decision
process of the decision trees allowed interpreting the occurrence of novelties
and ultimately the damage localization. This methodology was further re-
�ned by utilising the SHAP approach and XGBoost decision trees to identify
the e�ect of environmental and operational conditions (EOCs), allowing to
di�erentiate false positives due to temperature e�ects from true positives
triggered by actual damage [42]. In contrast to mechanical components, civil
structures are typically unique systems. This undermines any attempt to ex-
ploit the scarce labeled datasets to train generic models that could be applied
to other, even similar, structures. To our knowledge, no generic framework
for interpretable ML in data-driven sensor fault detection has been proposed
to date.

This contribution aims to merge explainable ML with OCCs that can
be trained solely on data acquired during \normal" operation of permanent
SHM installations. Exploiting the SHAP algorithm on the evaluations of
OCCs enables the tracking of the individual feature importance and the fea-
ture dependencies for each abnormality prediction (fault). By implementing
the proposed framework in two intrinsically di�erent datasets, it is shown
that common sources of abnormal behavior feature similar interpretation
patterns. In order to provide an intuitive and compact visualization of the
model explanations, the \decision trajectories", originating from the �eld
of cognitive sciences for the visualization of decision landscapes in mouse-
tracking experiments [43], are de�ned and applied for the �rst time in the
context of SHM. In this context, decision trajectories demonstrate the accu-
mulation of SHAP values along the feature space to the �nal SHAP score,
which is associated with the model outcome. Decision trajectories may be-
come a powerful tool in fault detection processes by supporting expert-based
attribution to a speci�c class of abnormal behavior, for instance di�erenti-
ating between sensor or structural failure. Similar visualizations have been
demonstrated in the medical �eld [44], although no systematic study on the
trajectory-patterns has been conducted.

This paper initiates with a description of the proposed interpretable semi-
supervised OCC approach and the de�nition of the decision trajectories (sec-
tion 4.2). The features extracted from monitoring data are presented next
(section 4.3), with a subsequent description of the case-studies, on which the
methodology is showcased. Finally, results are presented and discussed, in
section 4.4.
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4.2 Methodology

The present work combines a semi-supervised framework for sensor fault de-
tection with a recently proposed approach to explain ML-driven decisions,
based on the SHAP algorithm. The SVM algorithm is used to identify anoma-
lies, essentially acting as an OCC. The identi�ed anomalies are further used
as labels for a supervised classi�cation scheme, namely the gradient-boosted
decision trees, as materialized in the XGBoost algorithm, which is used to
build a relationship between the original features and the three classes, i.e.,
normal, uncertain and abnormal. Given that the proposed framework re-
lies exclusively on labeled data belonging to a single class (addressed as
\healthy", \reference" or \normal"), it falls into the semi-supervised cate-
gory, as opposed to supervised approaches that require labels for all types of
faults. In a next step, the SHAP values are computed for further interpreting
those results that led to a certain prediction (normal, uncertain or abnor-
mal). The trajectories that are plotted render the computed SHAP values in
a hierarchical order of contribution. The proposed framework is illustrated in
Fig. 4.1 and aims to complement conventional one-class classi�cation by sup-
plementing it with a thorough and comprehensive interpretability of model
decisions. The framework is designed to be independent of the distinctive
structure-speci�c characteristics of the monitored structure and the type,
amount and locations of sensors used, providing an easy to train, project-
agnostic tool, which can be seamlessly integrated into the pre-processing part
of many SHM applications.

4.2.1 Pre-processing and Feature engineering
The training set comprises \healthy" data in the form of time-series, cov-
ering a large variety of conditions in which the structural response can be
characterized as \normal". Each measuring channel is evaluated indepen-
dently, allowing for the concatenation of all available data for training. The
de�nition of the reference response is ambiguous, among other reasons due
to in
uences of varying Environmental and Operational Conditions (EOCs)
[45]. Accounting for these e�ects, which are not linked to damage but to
regular operating conditions, the proposed framework can be retrained, as
soon as further \normal" data, falling outside the initial training set, be-
comes available. Nevertheless, for the purposes of this work the reference
data, which could be provided by expert judgement, are considered avail-
able. The training data are segmented into windows of a pre-de�ned length
that is meaningful for the studied system. For civil structures with funda-
mental frequencies above 1 Hz, a minimum length of 60 seconds is suggested.
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Figure 4.1: Illustration of the proposed framework for sensor fault detection
and interpretation of model decisions.

It is not recommended to include any standard pre-processing (i.e. digital
�ltering, linear trend exclusion and downsampling) at this stage, as such pro-
cessing may mask potential sensor failures or other anomalies. Subsequently,
the segmented data-series are mapped into an extensive feature space, in-
cluding statistical metrics calculated in both time and frequency domain. A
detailed discussion on the implemented features is provided in section 4.3.
All features are normalized, so that the 5th and 95th percentiles of the training
set correspond to the limits of the range [�1; 1].
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4.2.2 Training of OCC
The underlying classi�cation task is conducted by means of Support Vector
Machines (SVMs) for novelty detection, originally introduced in [46], as an
extension of the Support Vector algorithm [47] for the case where su�cient
\healthy" data are available. SVM classi�ers require an initial choice of a
kernel function and a scalar parameter to de�ne a delimitation frontier. For
the purposes of this project, the radial-basis kernel function [48] is applied
and a grid search is conducted to de�ne the optimal parameter �, which
characterizes the fractions of Support Vectors and outliers and is bounded
between 0 and 1. The SVM-based OCC model is trained to identify the
smallest hypersphere comprising all data points of the training set, which
allows for the de�nition of thresholds, above which the value is considered
abnormal. In order to account for borderline cases that may be ambiguous,
two separate thresholds are de�ned and correspond to the 90th and the 99th

percentile of the training set. Data points that fall between these thresh-
olds are considered uncertain, while predictions above the 99th-percentile
threshold indicate abnormal behavior. It is mentioned that these thresholds
although case speci�c, they can be seamlessly de�ned and adjusted based on
expert judgment.

4.2.3 Training of XGBoost and SHAP
In order to bene�t from a computationally e�cient implementation of the
SHAP algorithm with decision-tree-based models, we train a surrogate XG-
Boost ensemble to �t the predictions of the OCC. Given a su�cient amount
of evaluated data, where abnormal behavior occurs, the predictions of OCC
in form of \normal", \uncertain" and \abnormal" consist the labels for the
training of the XGBoost classi�er. Due to the general scope of the trained
classi�er, abnormal behavior may be linked to sensor malfunction, signi�cant
changes in EOCs and structural damage or failure. Subsequently, the SHAP
algorithm is applied for the interpretation of the XGBoost model decisions.
SHAP is an additive feature attribution method which allows the expression
of model decisions as a sum of real values attributed to each feature [31].
An explanation model a, which is a linear combination of binary features, is
de�ned as follows:

a(z) = �0 +
LX

l=1

�lzl (4.1)

where zl 2 f0; 1gL, L is the length of the feature vector, l the index for a
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particular feature and �l 2 IR is the feature attribution value. The variables
zl represent a feature being observed (zl = 1) or unknown (zl = 0).

The SHAP method de�nes f���(S) = E[f(���)j���S], where ��� the feature set
and S contains a set of non-zero indexes in z. The feature attribution value
for each feature i is computed through the classic Shapley value formulation:

�i =
X

S�Nnflg

jSj!(L� jSj � 1)!
L!

[f���(S [ flg)� f���(S)]; (4.2)

where N is the set of all input features and S a subset of N nflg withholding
feature l.

The SHAP score is calculated by adding the feature attribution values
to the baseline �0, which comprises the average of all accumulated feature
attribution values of the training set. The global importance of feature i in
a set of M samples is calculated through the average of the absolute values
of the feature attributions �i:

Gi =
1
M

MX

i=1

j �i j (4.3)

On a local scale, �i;k expresses the impact of feature i on the model deci-
sion k. Feature attributions have either a positive contribution, i.e., pushing
the model decision towards the model prediction k, or a negative contribution,
which pushes the model decision away from a �nal prediction k. All feature
dependencies that lead to the �nal decision of the model are encoded in the
herein de�ned decision trajectories (Fig. 4.1b). Starting from the bottom,
each prediction line demonstrates how the feature attributions accumulate
to the �nal SHAP score, which is associated with the model decision. In
this context, each prediction line illustrates the trajectory of the model deci-
sion, implicitly comprising distinctive feature dependencies. Hence, detected
anomalies with identical characteristics are expected to yield similar decision
trajectories, enabling a better understanding of the origin of faults (root-
cause analysis), beyond the limits of the binary one-class classi�cation. The
decision trajectories are formed through interpolation of the Shapley attri-
bution values assigned to each feature. In order to evaluate the consistency
between di�erent decision trajectories, we propose a measure of Correlation,
which is based on the formulation of the well-established Modal Assurance
Criterion (MAC), typically used as a a quality indicator for modal vectors
that are estimated from measured frequency response functions [49]. The
proposed linearity metric, namely the Decision Trajectory Assurance Crite-
rion (DTAC), compares the �rst derivative of the evaluated and the reference
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trajectories and yields a scalar, which expresses the degree of linearity be-
tween the two vectors:

DTAC =
j (���0eval)T � ���0ref j2

j (���0eval)T � ���0eval j � j (���0ref )T � ���0ref j
(4.4)

where ���0eval and ���0ref refer to the �rst derivative of the evaluation and reference
trajectories respectively. The DTAC is bounded between zero, indicating no
consistent correspondence, and one, indicating a consistent correspondence.
Fig. 4.1b illustrates a 2D visualisation of the DTAC metric evaluated on
3 decision trajectories. Assuming that su�cient faults have been classi�ed
based on expert judgement, reference trajectories can be de�ned for each
fault type, by utilising a representative statistical metric of all trajectories
associated with each speci�c fault type. To this end, the median is selected as
it is less prone to outliers compared to the statistical mean. The curvature of
the decision trajectories contains signi�cant information regarding the feature
dependencies and thus the �rst derivative of the trajectories is implemented
in the proposed correlation metric. It is mentioned that the feature order
is dictated by the global feature importance from the training set (healthy
data) and remains constant.

Illustrating the feature impact on the decisions of black-box models through
decision trajectories resembles to the superposition principle, which is applied
to complex linear systems, in order to decompose their response into funda-
mental linear components. The Fourier transform is a characteristic example
of such a decomposition. Analyzing time-series into monochromatic signals
exposes the characteristic frequencies that shape the studied response. Sim-
ilarly, the decision trajectories decompose black-box model predictions into
the impacts of individual features, enabling the detection of key feature-
dependencies that characterise individual model decisions. Evaluating deci-
sion trajectories of false alarms or \uncertain" predictions can support ex-
perts by exposing the misleading features. In addition, similarities in decision
trajectories may facilitate associating abnormal signals with speci�c sources
of malfunctioning.

4.2.4 Summary of the work
ow
Overall, the framework for explainable anomaly detection consists of six
steps:

i) computing features from sensor readings collected during di�erent con-
ditions
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ii) train a SVM as a OCC with a training set composed of exclusively
healthy data

iii) use the trained OCC to classify new data samples and identify anoma-
lies

iv) use the outcome of the OCC as labeled dataset for a supervised classi-
�cation scheme, namely the gradient-boosted decision trees, as materi-
alized in the XGBoost algorithm, which is used to build a relationship
between the original features and the three classes, i.e., normal, uncer-
tain and abnormal

v) computing the SHAP values to interpret the results from the XGBoost
classi�cation, which leads to a deeper understanding of the identi�ed
anomalies

vi) complementary use of the Decision Trajectory Assurance Criterion (DTAC)
to identify similarities between trajectories.

4.3 Features extracted from dynamic data

The selection of an appropriate suite of features that encodes the maximum
information from the available data consists the cornerstone of most ML-
based applications. In an attempt to keep the proposed framework as generic
as possible, without compromising its predictive performance, a comprehen-
sive set of features is designed, including various metrics de�ned both in time
and in frequency domain. All recorded channels are evaluated independently
and no correlation metrics are considered (Fig. 4.1a). The selected features
are summarized in Table 4.1 and described in this section. It is noted that the
presented feature space can be seamlessly tailored to the studied application.

� Descriptive time-domain statistics are used to characterize the sta-
tistical distribution of the data samples that form a time-series. Mean,
Median and Mode (#1 � 3) give insights into the central part of the
data distribution. Standard-deviation, Variance, Root-Mean-Square
and Coe�cient of Variation (#4;#5;#8 and #25) are in
uenced by
the amplitude of the \noise" that is present in the signal and by the
amplitude of structural oscillations. Finally, Skewness and Kurtosis
(#6 � 7) characterize the tails of the sample distribution providing,
among others, information about outliers.
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� Heuristic characterization of the data time-series is used to con-
struct metrics that provide information on the data vector and the
quality of the time-series signal. Relative occurrence frequencies of ze-
roes (#9) and NaN values (#10) may, for instance, be linked to the
functionality of the data acquisition system. The longest time-span
(number of samples) above and below the mean value (#11 and #12)
are other examples of features that are based on heuristics and which
may be related to the calibration of sensors, drift and connection be-
tween sensors and the structure. The number of peaks (#13) in the
data series depends on the frequency, but in case of sensor malfunc-
tioning (e.g. square signal) may be signi�cantly reduced.

� Derived indicators for dynamic data are indicators that are con-
structed to re
ect dynamic data series. The auto-correlation (#18) or
partial auto-correlation (#19, de�ned in [50]) with �xed time lags pro-
vide information regarding the periodic repetition of the signal during
the selected time window. The Benford correlation value, also referred
to as signi�cant-digit law, de�ned by Hill [51, 52], returns the highest
occurring digit and is expected to assume a low value under regular op-
eration (\normal" condition); typically the digit 1 appears most often
in distributions of natural processes, in this case normal operation. A
nonlinearity indicator (#21), taken from Schreiber and Schmitz [53],
based on a higher order autocovariance is calculated using Eq. 4.5:

tC3 =
1

n� 2�

n�2�X

i=1

xi+2� � xi+� � xi (4.5)

Where x is the signal time-series with n samples, xi; � is the time lag.

A boolean indicator of symmetry (#23) in the signal is obtained with
Eq. 4.6:

Boolsym =
�

1; if jmean(x)�median(x)j < r � jmax(x)�min(x)j
0; otherwise

(4.6)

Where x is the time-series of measurement and r is a threshold, here
considered equal to 0:01.

The time-reversal asymmetry (#24), introduced by Fulcher and Jones
[54] is calculated using Eq. 4.7:
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trev(�) =
1

n� 2�

n�2�X

i=1

x2
i+2� � xi+� � xi+� � x

2
i (4.7)

Where � is the time lag and x = fx1; :::; xi; :::; xng is the signal time-
series containing n data samples.

Within the scope of this paper, the time lag � is chosen as the minimum
between the duration of the time-series segments divided by 100 and
3000 times the sampling period. This choice is guided by engineering
heuristics and may be considered a \hyperparameter" that could be
tuned for other applications. Still, as shown in section (4.4), these
values apply to a large range of measurement applications.

� Descriptive statistics of derived signals characterize signals, such
as squared signals or derivatives, i.e. time-series that are numerically
extracted form a reference measured signal. Thus, these statistical fea-
tures, such as mean value of �rst (#29) and second (#30) derivative,
are not applied to the raw time-series directly, but on a derived (com-
puted) time-series. Further features are derived from moving averages
that are calculated over short, intermediate and long time windows
within the entire data series. In addition to standard-deviation of such
moving averages (#34 � 36), the homogeneity (#37 � 39) is assessed
using Eq. 4.8:

Hy =
max(y)
mean(y)

; (4.8)

Where y is the time-series of derived quantities.

While moving averages of reduced length are more volatile, they should
not deviate extensively from the mean of the entire time-series, other-
wise drifting or other sensor malfunctioning may be present. Within
the scope of this paper, the short-term is set to 1s, the intermediate is
set to 20s and the long-term windows length is set to 120s

� Descriptive statistics of frequency spectrum of the time signal
characterize the signal in the frequency domain. Frequency spectra are
derived using the Fast-Fourier Transform (FFT) of the entire signal
or via the Power-Spectrum Density (PSD) function, following Welch’s
averaged spectrum method [55]. While similar, the PSD averages the
result over time windows and a window function, in this case the ham-
ming function. For both spectra, FFT and PSD, the Kurtosis (#42
and #43) is derived and is used to indicate how the energy spectrum
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values are distributed, as some abnormal sensor behavior results in very
distinctive peaks and long tails in the frequency domain.

� Heuristic characterization of the spectra provide insights into
how the energy is distributed in the frequency domain. Malfunctioning
sensors are often characterized by a distinctive peak in the frequency
domain and thus, the entropy of FFT and PSD spectra (#40 and #41)
and the homogeneity (see Eq. 4.8) of both spectra (#44 and #45) are
used to indicate how well the energy is spread throughout the frequency
domain. In addition, the length of the frequency range (relative to the
range from 0 Hz to the Nyquist frequency) containing the central 95%
and 50% of the energy are calculated to characterize the energy spread.

All 49 features described in Table 4.1 are used for training the OCC
and the XGBoost classi�er. In order to enable the distinctive interpretation
of di�erent anomalies that are initially unknown, preserving an extensive
feature set is eminent and thus no feature reduction/selection is conducted.

4.4 Case studies

In this section we present the implementation of the proposed framework
in data from two permanently monitored cable-stayed bridges in China.
Schematic visualisations of the studied structures, including the approximate
position of the sensors, are provided in Fig. 4.2. The data were provided
for a blind competition along the 1st International Competition for Struc-
tural Health Monitoring (IPC-SHM, 2020 [56]). Two intrinsically di�erent
datasets are examined, namely acceleration recordings at positions showed
in Fig. 4.2a and force measurements of selected stay cables, marked in Fig.
4.2b. The labels provided by the organizers of the blind competition were
considered as ground truth, while further veri�cation of their validity was not
deemed necessary. While vibration recordings reveal changes in the global
dynamic response of the structure, the acting tension in stay cables is a
valuable metric of their local structural health. Since the data was acquired
during operation, the measured tension is a�ected by a number of factors,
such as environmental e�ects and live loads. In case of damaged cables, re-
distribution of tension forces introduce further uncertainties that prevent the
direct usage of force recordings as damage indexes.

Initially, the training and test sets for each dataset are presented. The
OCC is trained on healthy data and an interpretable XGBoost model is
trained to �t the class predictions o�ered by the OCC model. Considering
the healthy class as reference, the SHAP scores of the test set are computed,
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Table 4.1: Overview of time-series features. (�) The length of the �xed time-
window/lag is de�ned as the the minimum between data-series length=100
and 3000.

Feature # Feature description Domain

1, 2, 3 Mean, Median, Mode Time
4, 5, 8, 25 St.-dev., Variance, Coe�. of Variation, RMS Time
6 , 7 Skewness, Kurtosis Time

9, 10 Relative occurrence frequency of 0 and NaN values Time
11, 12 Longest time span above and below mean Time
13 Number of absolute peaks in a �xed time-window� Time
14 Sum of reoccurring datapoints Time
16 Percentage of reoccurring datapoints to all datapoints Time
17 Percentage of unique datapoints to all datapoints Time

18 Signal auto-correlation considering a �xed lag� Time
19 Partial auto-correlation considering a �xed lag� Time
20 Benford correlation value, de�ned in [51, 52] Time
21 Nonlinearity metric c3, de�ned in [53] Time
23 Symmetry boolean value Time
24 Time reversal asymmetry statistic, de�ned in [54] Time

28 Sum of absolute values of �rst derivative Time
29, 30 Mean value of �rst and second (numerical) derivative Time
31 Boolean check if variance is larger than standard de-

viation
Time

32 Boolean check if standard deviation is larger than
25% of the range of the response distribution

Time

33 Percentage of datapoints that lie beyond 1 standard
deviation from the mean

Time

34, 35, 36 St.-dev. of moving averages with short, intermediate
and long windows

Time

37, 38, 39 Homogenity of moving averages with short, interme-
diate and long windows

Time

42, 43 Kurtosis of the FFT and PSD spectra Frequency

44, 45 Homogenity of the FFT and PSD spectra Frequency
46, 48 Central frequency range containing 95% of the FFT

and PSD spectra
Frequency

47, 49 Central frequency range containing 50% of the FFT
and PSD spectra

Frequency
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Figure 4.2: Coarse illustration of the studied cable-stayed bridges. (a) The
approximate positions of the accelerometers are marked in red color and (b)
the monitored cables are highlighted with bold lines (Adapted from [56]).

as described in section 4.2. The proposed framework is applied to both
datasets, for which labels describing the health state of the sensors are avail-
able. Within the scope of this paper, the labels are used exclusively for the
validation of model predictions and explanations. The evaluation of new data
includes the following steps: truncation into segments of pre-de�ned length,
transformation of time-series data into the feature space, classi�cation and
the generation of decision trajectories. Given that the classi�cation and in-
terpretation with the XGBoost model require negligible time, the evaluation
time is governed by the calculation of data features. Considering the vast
feature set described in section 4.3, the evaluation of new datasets for both
studied cases took less than 30 seconds in a conventional desktop machine
(Intel Xeon CPU E3�1275 v.5 @3:6 GHz), allowing for a near-real-time eval-
uation. It is mentioned that the sampling rate, the duration of the dataseries
and potential extension of the feature space can a�ect the time required for
the calculation of the features. The results demonstrate satisfactory predic-
tive performance and the decision trajectories show impressive consistency in
cases of samples under the same label. Additionally, the algorithm is shown
to be robust when exposed to anomalies of di�erent nature, such as damaged
cables and sensor faults.
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4.4.1 Acceleration data
This dataset comprises acceleration recordings of 38 channels, measuring at a
sampling frequency of 20Hz over a period of two months (January and Febru-
ary 2012). The approximate positions of the sensors are shown in Fig. 4.2.
The data is structured in segments of 1 hour, which are labeled as \healthy"
or \faulty", including further classi�cation to common fault modes. Fig. 4.3
includes single examples of normal and faulty cases, based on the provided
labels, in order to illustrate the examined fault classes. In many cases it
is impossible to visually distinguish between \Trend" and \Drift" classes or
\Minor" and \Outliers" classes, as shown in Fig. 4.4. For the training of the
OCC only the \healthy" data from January are considered. All 38 channels
are mixed and the data is segmented into 5-minute blocks, yielding 162900
time-series samples for training. The selected features (section 4.3) are com-
puted and the trained OCC yields thresholds corresponding to the 90th and
the 99th percentile of the \healthy" distribution. Data from February is con-
sidered unknown and is evaluated by the OCC without segmentation, after
converting them into the feature space. Considering all 38 measuring chan-
nels yields 26448 data series of length equal to 3600. In order to train the
XGBoost classi�er to �t the OCC predictions, 80% of this data has been used
for training and 20% for testing the performance of the XGBoost classi�er.
Table 4.2 includes the absolute numbers of the data used, as well as the �t
metrics, after merging the \uncertain" classi�cations with \abnormal". The
classi�er exhibits satisfactory �t to the OCC, yielding an overall accuracy
over 99%. By comparing the predictions with the ground truth for the same
test set, the results are summarized in the confusion matrix of Fig. 4.5a.
It can be observed that 88% of the \normal" data are properly identi�ed,
while 11% lies in the \uncertain" zone. While the amount of False alarms is
very low, 6% of the \abnormal" cases are mistakenly predicted as \normal".
Finally, 92% of the \abnormal" samples are properly classi�ed.

Table 4.2: Summary of the data used for training and testing the XGBoost
classi�er based on the predictions of the OCC. The false positives/negatives
refer to the �t between XGBoost and OCC.

Dataset Training Test Duration False False
data data [sec] Positives Negatives

Acceleration 21158 5290 3600 13 4
Cable force 9676 2420 100 8 24

Beyond these satisfactory performance metrics, the proposed framework
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Figure 4.3: Normal data and labeled anomalies observed in the provided
acceleration data.
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Figure 4.4: Selected data readings from a single sensor at di�erent times,
where the data are labeled as (a) \Drift" and (b) \Trend". No clear distinc-
tive characteristics between the two fault classes are observed.

allows for further insights into the missclassi�cations. An interpretable XG-
Boost model is trained to �t the predictions of the OCC and the resulting
�t is summarized in the confusion matrix of Fig. 4.5b, yielding an overall
accuracy over 99%. Considering the \healthy" predictions as baseline, the
SHAP score is computed. After calculating the global feature importance
with equation 4.3, the features are ordered in descending importance (Fig.
4.6).

The features that drive the model predictions are the Kurtosis in fre-
quency domain (#42 and #43) the statistical mean (#1), the RMS ampli-
tude (#25), the complexity metrics c3 (#21) and the time reversal asym-
metry statistic (#24). Fig. 4.7 illustrates the decision trajectories of OCC
predictions for the case of proper and false predictions, following the struc-
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(a) (b)

Figure 4.5: Acceleration dataset: (a) OCC �t to test data. The provided
labels are either \normal" or \abnormal". The \uncertain" class refers to
thresholds de�ned in the output of OCC. (b) XGBoost �t to OCC predictions.

Figure 4.6: Acceleration dataset: global feature importance. Note: From
the total of 49 features extracted, only the 12 highest contributing features
are plotted.

ture of the corresponding confusion matrix (Fig.4.5a). The decision plots
illustrate the impact of each feature on the accumulated SHAP score, which
is associated with the model decisions. The features are ordered with de-
creasing importance, considering the \normal" class as the baseline. While
the \normal" and \abnormal" samples show clearly di�erent paths in the
feature space, the impact of individual features in the \uncertain" classes
could support understanding the model ambiguity. For the case of uncertain
predictions of samples that are labeled as \normal", we observe that features
#1, #42 and #43 are the main contributors that mislead the model predic-
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tions. For the case of false alarms, features #21, #24 and #25 are the ones
that push the trajectory away from the \normal". Finally, regarding the
missing alarms, the trajectories look rather similar to the normal trajecto-
ries, addressing the incapability of the model to observe these abnormalities,
within the given feature space.

Subsequently, we study the decision paths of the speci�c fault types. The
labels of the faults are available and allow plotting together the trajectories of
all samples that belong to the same class (Fig. 4.8). Comparing the decision
trajectories of the faults with the \healthy" case, we observe that all fault
classes point to negative SHAP values, whereas the healthy samples point
towards positive SHAP values. This con�rms that the model is capable of
separating \normal" from \abnormal" behavior for all fault classes. Studying
the trajectories closer allows us to detect di�erences between fault classes,
which indicate that the impact of certain features can reveal information
about the type of the fault.

The decision trajectory of \Square" faults shows signi�cant variability
regarding the impact of features #21 and #24 (nonlinearity metrics) com-
pared to the previous trajectories. A more consistent di�erence between
\Square" and \Trend/Drift" paths can be spotted at the impact of feature
12, which refers to the length of the longest strike below mean. The \Minor"
and \Outlier" trajectories share a distinctive behavior with respect to the
impact of features #1 and #25, referring to the statistical mean and RMS
amplitude respectively. The accumulated SHAP score of \Outliers" shows a
relatively larger scatter when compared to \Minor", which can be attributed
to the impact of feature #7 (Kurtosis in time domain) and feature #33,
which relates to the amount of outliers. Finally, for the case of \Missing",
two di�erent paths are observed. The �rst one assimilates very much to the
\Trend/Drift" path, showing, however, a distinctive behavior with respect to
feature #33. The second path shows a characteristic zig-zag regarding the
impact of the features #1;#42;#25;#43 which is opposite to the \Minor"
case and di�erent from the \Trend/Drift" faults.

The above observations con�rm the existence of consistent patterns in
the feature attributions for di�erent fault types. By considering the median
values of the feature attributions for each fault class, the reference trajec-
tories are extracted. Fig. 4.9a illustrates the DTAC matrix computed on
the �rst derivative of the reference trajectories. The DTAC exposes that
\Trend/Drift" are highly correlated, while the class \Square" is also di�cult
to distinguish, within the given feature space. Fig. 4.9b demonstrates two
characteristic fault predictions, based on the �t between individual trajecto-
ries (classi�ed as \Missing" and \Trend" respectively) and the reference ones.
While for the case of \Missing" the prediction is almost certain, for the case
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Figure 4.7: Acceleration dataset: decision trajectories of OCC predictions.
Note: From the total of 49 features extracted, only the 24 highest contribut-
ing features are plotted.

classi�ed as \Trend" both \Square" and \Drift" show high predictive �t. Al-
though this ambiguity exposes the classi�cation limits of the current model,
it highlights the importance of explanations in this regard. Further data
and targeted enrichment of the feature space could sharpen the classi�cation
performance and allow for additional gains from OCC predictions.

Overall, it is demonstrated that the decision trajectories expose distinc-
tive characteristics of di�erent fault types, even when no information regard-
ing the faults is provided during the training of the underlying OCC. While
the distinction between assimilating faults, such as \Trend" and \Drift", is
not possible, the decision trajectories spot unique characteristics between
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Figure 4.8: Acceleration dataset: decision trajectories of labeled fault
classes. Note: From the total of 49 features extracted, only the 24 high-
est contributing features are plotted.

the rest of the classes, enabling a preliminary interpretation of faults in the
absence of labeled data. Visualizing the trajectory paths provides a valuable
tool for the enrichment of the binary classi�cation o�ered by conventional
OCC.

4.4.2 Cable force data
Stay cables are critical components, su�ering from the coupled e�ects of
fatigue and corrosion along with harsh environmental conditions. Permanent
condition monitoring of stay cables o�ers an important complement to on-
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(a) (b)

Figure 4.9: Acceleration dataset: (a) Similarity control of the reference fault
trajectories through DTAC. (b) Characteristic fault predictions based on
DTAC. The real labels correspond to \Missing" and \Trend" classes respec-
tively.

site inspections, in order to ensure the long-term safety and functionality of
sustained bridges. This dataset includes recordings of load-cells placed at
the anchorages of 14 selected cables of a stay-cable bridge in China (Fig.
4.2). The available data was recorded with a sampling frequency of 2 Hz and
covers 10 days between 2006 and 2011 (2006-05-13 to 2006-05-19, 2007-12-14,
2009-05-05, and 2011-11-01).

Figure 4.10: Cable force dataset: cable tension in cable SJS10 measured on
2006-05-15.

Fig. 4.10 shows the characteristic response of a \healthy" cable mea-
sured in 2006. The observed variability is attributed to varying EOCs. All
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available data from 2006 are labeled as healthy and are used for the training
of the OCC. The data of all senors are split into 100-second segments and
concatenated, yielding 60480 data-series for training. These data segments
are subsequently converted into the feature space, described in section 4.3,
and then used for the training of the OCC. The thresholds corresponding
to the 90th and the 99th percentile of the training distribution are computed
and de�ned as limits for the \uncertain" and \faulty" classes respectively.

The data recorded from 2007 to 2011 are used for testing the algorithm.
The anomaly detection score of the OCC for representative channels is plot-
ted in Fig. 4.11. According to the available labels, one sensor persistently
included a signi�cant amount of outliers, two sensors were reported as failing
and one monitored cable was classi�ed as damaged, during a visual inspec-
tion conducted in 2011. An interpretable XGBoost model is trained to �t
the predictions of the OCC. Considering all 14 measured cables yields 12096
data series of length equal to 100 seconds. In order to train the XGBoost
classi�er to �t the OCC predictions, 80% of this data has been used for train-
ing and 20% for testing the performance of the XGBoost classi�er. Table 4.2
includes the absolute numbers of the data used, as well as the �t metrics,
after merging the \uncertain" classi�cations with \abnormal". The classi�er
exhibits satisfactory �t to the OCC, yielding an overall accuracy over 99%.
The normalized �t of the XGBoost classi�er to the OCC is summarized in
the confusion matrix shown in Fig. 4.12.

Considering the reference data as baseline, the Shapley values of the test
set are computed. Initially, the global feature importance is estimated, as
explained in section 4.2. Fig. 4.14a reports the features in descending im-
portance order, with the most important being the statistical most common
value (#3), the standard deviation (#4) and the coe�cient of variation in
time domain (#8), as well as the features #32, #36 and #48.

Fig. 4.13 demonstrates the decision trajectories of \healthy" and \faulty"
classi�ed samples. All faulty cases result in negative SHAP values, whereas
the \healthy" samples point towards positive SHAP values. The histogram
of the accumulated SHAP score for all labeled classes is given in Fig. 4.14b,
illustrating the capability of the model to detect abnormal behavior.

Zooming closer into the decision trajectories, di�erences between fault
classes appear and indicate that the impact and the dependencies of certain
features can reveal information about the type of the fault. The decision
trajectories of \outliers" are characterized by the impact of features #4, #8
and #48, which correspond to the standard deviation, the coe�cient of vari-
ation and the frequency range including 95% of the signal energy (see Table
4.1). The total trajectory of the samples corresponding to \damaged cable"
is signi�cantly thicker compared to other cases, indicating larger variability,
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Figure 4.11: Cable force dataset: Evolution of health index of four charac-
teristic cases, labeled as \healthy", \outliers", \damaged cable" and \sensor
fault’. The orange and red dashed lines correspond to the 90th and the 99th
percentile of the training distribution and de�ne the limits of the \uncertain"
and \faulty" classes respectively.

Figure 4.12: Cable force dataset: XGBoost �t to OCC predictions.

which is expected, as structural damage introduces spurious novelties into the
response. The impact of feature #3 (statistical most common value) seems
to provide a consistent bias on the model decision, indicating the sensor in-
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Figure 4.13: Cable force dataset: decision trajectories of labeled fault classes.
Note: From the total of 49 features extracted, only the 14 highest contribut-
ing features are plotted.

variance to ambient and tra�c loading, as a result of the cable relaxation.
For the case of sensor fault, no further information regarding the fault type is
provided. The decision trajectory is rather narrow, showing low variability,
and is driven by the impact of features #3 (statistical most common value)
and #48 (frequency range of high energy response). This could be attributed
to the invariance of sensor readings to loading and to the imposed noise due
to the sensor failure.

���D�� ���E��

Figure 4.14: Cable force dataset: (a) global feature importance and (b)
histogram of the accumulated SHAP score for all labeled classes.

The above observations con�rm the existence of consistent patterns in
the feature attributions for di�erent fault types. By considering the median
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values of the feature attributions for each fault class, the reference trajectories
are extracted. The DTAC matrix, computed on the �rst derivative of the
reference trajectories, illustrates that \damaged cable" and \sensor fault" are
partially correlated, while the rest of classes seem to be adequately separated
(Fig. 4.15a). Fig. 4.15b demonstrates two characteristic fault prediction
based on the �t between individual trajectories (classi�ed as \sensor faults"
and \outliers" respectively) and the reference ones. While for both cases the
right prediction is associated with the maximum �t, in the case of \sensor
faults" the "damaged cable" class reaches high values, which is attributed to
the similarity of the corresponding reference trajectories.

(a) (b)

Figure 4.15: Cable force dataset: (a) Similarity control of the reference fault
trajectories through DTAC. (b) Characteristic fault predictions based on
DTAC. The real labels correspond to \sensor fault" and \outliers" classes
respectively.

Overall, the application to the dataset of load-cell sensors demonstrated
good performance in capturing anomalies related to various sources, while
the interpretability framework exposed the feature dependencies that drive
the model predictions. Although the proposed framework aims at identifying
sensor faults, the algorithm also proves capable of structural damage, when
the latter is observable within the pre-de�ned feature space. Comparing the
decision trajectories of di�erent fault sources highlighted the potential of
the proposed framework in enriching the binary classi�cation of OCC with
information that supports understanding the nature of the fault.
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4.5 Conclusions

This work introduces a framework for practical sensor fault detection and in-
terpretation within the context of SHM. Based on the well-established SVM
method for anomaly detection, a coalitional game theory approach is applied
to the interpretation of the model decisions, thereby providing insights into to
the individual feature impact and feature dependencies on the classi�cation
of new samples. The proposed framework is implemented and evaluated on
two intrinsically di�erent datasets, comprising acceleration recordings and
stay-cable force measurements from two long-term monitored bridges. A
comprehensive set of features, suitable for generic time-series data, is de-
signed, in order to convert signals into an informative feature space prior to
the model evaluation. The available labels for both studied datasets allows
comparing data belonging to di�erent fault-classes and revealed distinctive
characteristics that could support the classi�cation of new anomalies. Good
accuracy in terms of anomaly detection is achieved in both cases, re
ecting
the seamless adaptation of the algorithm to various data domains. The sum
of the feature contributions provides a straightforward estimation of the fea-
ture importance for individual predictions, which is a signi�cant contribution
towards explaining machine-learning decisions, compared with conventional
permutation methods that estimate the feature importance globally, by eval-
uating the decrease in model performance.

For the �rst time, the term \decision trajectories" is introduced in the
context of SHM, illustrating the feature impact and the feature dependencies
that drive individual model predictions. In order to evaluate the consistency
between di�erent decision trajectories, a measure of correlation is proposed,
namely the Decision Trajectory Assurance Criterion (DTAC), which enables
automatizing fault classi�cation, provided that reference trajectories of char-
acteristic faults are available. This functional enhancement of one-class clas-
si�ers can be of signi�cant importance for the interpretation of anomalies
in a application-agnostic manner. Thus, limitations of conventional feature
heuristics, which require prior knowledge of the expected faults, may be over-
come. In a nutshell, given a set of data classi�ed as \normal", the proposed
frameworks enables a seamless detection of faults in new data. By analysing
the decision trajectories, monitoring experts may translate the insights of-
fered into individual feature impacts and dependencies into a better under-
standing of the underlying data structure. Fusing expert judgment with the
information obtained from the decision trajectories may enable rapid label-
ing of characteristic faults or false alarms, that could be further utilised for
the supervised training of more advanced multi-class classi�ers or for other
data-mining purposes.
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The proposed framework provides an easy-to-train and application-agnostic
anomaly detector that can be integrated into the pre-processing part of var-
ious SHM and condition monitoring applications, providing a �rst screening
of the sensor health, prior to further analysis. The expected sensor faults
must be observable within the pre-de�ned feature space. While a vast fea-
ture space is provided in this paper, the proposed framework is independent
from the data features and the features space can be seamlessly extended
or adjusted to project-speci�c demands. The algorithm is expected to clas-
sify as faulty any dataset deviating from the expected reference response.
Apart from sensor faults, anomalies could be detected due to extreme EOCs
or structural damage. Evaluating the corresponding decision trajectories, as
well as EOC monitoring data could facilitate the understanding of the na-
ture of new faults. Finally, reference data that cover the \healthy" response
of the structure under various EOCs are required. In order to ensure that
in real applications, expert judgement could be deployed. While the pro-
posed framework supports the consideration of time varying e�ects (such as
EOCs) by simply retraining the anomaly detector as soon as further \normal"
data are available, the adoption of domain adaptation or reinforced learning
approaches could potentially allow for transfer-learning between associated
monitoring projects. Exploring this potential, although falling outside the
scope of the presented work, will be the focus of future research endeavors.
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1. Summary

Prior to earthquakes, data-informed models of individual buildings, often re-
ferred to as digital twins, can be exploited to re�ne vulnerability predictions
at city-scale, by extrapolating information from monitored to non-monitored
structures belonging to the same typological class. In the aftermath of earth-
quakes, information about the actual damage state of representative moni-
tored assets can be transferred to typologically similar structures, exposing
the damaging impact of ground motions at city scale and enabling the dy-
namic estimation of seismic risk. This information could be harvested by
authorities to optimize the allocation of rescue and inspection forces. To
this end, robust estimation of the seismic response is necessary to de�ne
typological classes that share similar performance in case of earthquakes.
Additionally, combining DSFs to robust damage classi�ers comprises the
cornerstone of rapid damage assessment after earthquakes. Finally, transfer
learning techniques o�er the means to extrapolate information from a known
domain (monitored structures) to an unknown domain (non- or lightly- in-
strumented buildings). Thus, combining rigorous model updating techniques
with e�cient DSFs and transfer learning schemes is the key towards extend-
ing the value of SHM from individual buildings to city scale assessment. In
this context, the main conclusions of this thesis are summarized below, in
reference to the research objectives.

1.1 Suggesting a new framework for monitoring-driven
models of masonry buildings

A framework is proposed to monitor masonry buildings prior to and during
planned demolitions, enabling data collection from multiple real buildings at
changing levels of excitation amplitude and in di�erent damage states. A
Bayesian framework for data-driven model-updating is formulated and ap-
plied to nine case studies of real URM buildings that form a subset of existing
residential buildings in Switzerland and central Europe. Dynamic measure-
ments of the building response to increased forcing amplitudes, such as those
generated during a demolition process, are exploited to reduce the uncer-
tainty in the predicted seismic capacity. The dynamic building behavior at
various amplitude levels, in the commonly assumed linear elastic regime, re-
veals a reversible nonlinear behavior corresponding to a frequency drop of
up to 10% compared to the frequencies identi�ed under ambient conditions.
Low-cost sensors can evidence such nonlinearities during demolition activi-
ties, which carries the potential for a systematic analysis of this behavior,
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particularly in countries with low to moderate seismicity. BMU facilitates
the interpretation of this elastic nonlinearity by attributing it to the strain
dependency of soil-foundation sti�ness and to changes in the elastic modulus
of masonry, possibly due to opening and closing of pre-existing cracks. Con-
trary to deterministic model-updating techniques, which are prone to over-
�tting and return point estimates of the uncertain properties, BMU succeeds
in providing robust predictions, along with information on the underlying
uncertainty of input parameters. The application to nine real case studies
indicates that, when considering modal shapes in the updating process, BMU
reduces the uncertainty of the model, allowing the simultaneous update of
sti�ness parameters related to both the foundation and the superstructure.
The observed changes in frequencies and modal shapes, resulting from in-
creasing levels of shaking, are shown to be mainly related to the sti�ness of
masonry and not to the strain-dependency of the foundation impedance.

The reduced parametric uncertainty, resulting from BMU, is propagated
into the seismic-response calculations and yields narrow posterior estimates
of seismic performance metrics, enabling the comparison of the seismic per-
formance of multiple buildings at typological level. The observed elastic
nonlinearity, taking place in the commonly assumed linear elastic regime, is
shown to substantially a�ect the global seismic performance: a signi�cant re-
duction of the computed compliance factor, in the order of 14%, is observed.
Additionally masonry structures with RC 
oors comprise similar behavior up
to yield displacement, while they exhibit a large variability with respect to
the ultimate capacity. URM buildings with timber 
oors show lower scatter
and higher vulnerability, both in terms of compliance factor and ductility,
compared with buildings having sti�er 
oors. While typological capacity
curves capture the initial sti�ness of URM buildings, the ductility and ulti-
mate capacity are overestimated. These properties depend on the nonlinear
behavior at the scale of structural elements, as well as on their spatial ar-
rangement, hindering the derivation of accurate approximations based on
generic building properties, such as the number of 
oors.

1.2 Devising robust damage diagnostics for Seismic
SHM

An extensive set of DSFs computed on low-amplitude building responses
prior to and in the direct aftermath of strong ground motions is evaluated on
a dataset of nonlinear simulations of masonry structures with parametrized
geometrical con�gurations and material properties. Fragility functions in-
volving individual DSFs are used to compare their predictive performance
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with EDPs and IMs. DSFs outperform PGA, which is a typical intensity
metric characterizing the amplitude of ground motions and is typically used
in regional assessment of seismic risk. Although EDPs outperform individ-
ual DSFs in predicting damage, monitoring EDPs in real buildings is more
challenging and costly than monitoring acceleration-based DSFs, thus mak-
ing the choice of DSFs more practical. Gradient-boosted decision trees and
convolutional neural networks are subsequently deployed to fuse multiple
DSFs into robust damage classi�ers and increase the damage-classi�cation
accuracy compared with individual EDPs, demonstrating the potential of
vibration-based SHM for rapid damage-tagging in the aftermath of earth-
quakes. While such techniques are very promising when applied to complete
datasets, long-term monitoring application are undermined by the limited
life-cycle of sensors compared to the monitored structures.

To alleviate this issue, timely identi�cation of sensor faults and robust
characterization of their origin are required. A semi-supervised framework
for sensor fault detection is proposed and combined with an approach to
interpret individual black-box model predictions. A comprehensive set of
features, suitable for any kind of generic time-series data, is designed to con-
vert signals into an informative feature space. The framework is evaluated
on two intrinsically di�erent datasets, comprising acceleration recordings and
stay-cable force measurements from two long-term monitored bridges. Good
accuracy in terms of anomaly detection is achieved in both cases, re
ecting
the seamless adaptation of the algorithm to changing monitoring applica-
tions. The term \decision trajectories" is introduced in the context of SHM,
illustrating the impact of individual features and feature dependencies on ML
model predictions. Decision trajectories comprise a signi�cant contribution
towards explaining ML decisions, compared with conventional permutation
methods that o�er a global estimate of the importance of individual fea-
tures, by evaluating the decrease in model performance. To evaluate the
consistency between multiple decision trajectories, a measure of correlation
is proposed (DTAC), which enables the characterization of new fault types
and the automatic classi�cation of anomalies to known fault classes. In ad-
dition to sensor faults, anomalies could be detected due to extreme EOCs
or structural damage. To this end, evaluating the corresponding decision
trajectories could facilitate understanding the nature of new faults. The
framework is designed to be independent from case-speci�c characteristics of
the monitored structure and the type, sensitivity, amount, and locations of
sensors used, providing an easy-to-train, project-agnostic tool, which can be
seamlessly integrated into the pre-processing part of many real-world SHM
applications.
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1.3 Knowledge transfer from simulated to real struc-
tures

Knowledge obtained from simulations is transferred to a large-scale real struc-
ture by deploying a domain adaptation framework that capitalizes on domain
adversarial neural networks. Domain adaptation leverages limited data from
a new domain (i.e., the real structure) to improve the predictive perfor-
mance of a classi�er, which is trained in a known domain (i.e., numerical
simulations). Comparing the performance of the DANN with ML classi�ers
pre-trained on simulations demonstrates signi�cant improvement in damage
prediction accuracy. By exploiting very limited information from the experi-
mental data, pertaining exclusively to the healthy state, the DANN network
adapts successfully to the target domain, which di�ers from the source do-
main in terms of structural system (RC frames instead of URM shear walls)
and data quality (experimental data with inherent noise instead of numeri-
cal simulations). Successful domain adaptation in such an extreme case of
divergence between the source and the target domains highlights the power-
ful potential of DANNs to transfer knowledge from simulations to real-world
monitoring applications.
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2. Impact

2.1 Reducing uncertainties in seismic evaluation of ex-
isting buildings

The establishment of modern building design codes and the evolution of
construction methods have contributed to the design and construction of
earthquake-safe structures. However, the current state of practice for the
seismic evaluation of existing buildings involves numerous assumptions re-
garding material properties, modeling principles, and boundary conditions,
resulting in highly uncertain assessments. For example, the composition
of historic construction materials depends on the construction year, local
practices, the architectural culture, and possible retro�t interventions. In
addition, the structural system of the 
oor slabs and the connection of the
slabs to the lateral bearing elements are highly uncertain, structural draw-
ings are rarely available, and retro�t interventions are, in most cases, poorly
documented. Engineers face such uncertainties by relying on empirical, and
generally deterministic, assumptions, based on available documentation and
visual inspections that are limited to the visible and accessible parts of the
building. As a result, the outcome of seismic evaluations in practice implicitly
contains a non-negligible uncertainty.

This work demonstrates the e�ect of input uncertainty on the predicted
seismic performance of real URM buildings and highlights the importance of
reducing modeling uncertainties for realistic evaluation of seismic capacity in
a probabilistic context. The proposed BMU framework o�ers a practical tool
to reduce uncertainty in the input parameters and propagate this increased
structural knowledge, obtained from monitoring data from real structures,
to the seismic evaluation of existing masonry buildings. This paradigm is
demonstrated on nine real URM buildings, following best-practice modeling
techniques, and provides a valuable set of case studies, demonstrating the
value of data-informed seismic evaluations. Accessibility and privacy rea-
sons undermine vibration monitoring applications in real buildings during
operation. As a result, opportunities to validate SHM tools in real struc-
tures are scarce. The framework proposed herein for monitoring masonry
buildings prior to and during planned demolitions enables data collection
from multiple real buildings at changing amplitude levels of excitation and
in evolving damage states. Buildings to be demolished have typically ex-
ceeded their design life-span and represent the most vulnerable typological
elements of the existing building inventory. Systematic vibration monitoring
during demolitions improves engineering understanding and reduces mod-
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eling uncertainties and overly conservative assumptions at a minimal cost.
Furthermore, it would maximize the value extracted from structures reaching
the end of their life-cycle, substantially contributing to the resilience of our
society in response to earthquakes.

2.2 Improving resilience with respect to earthquakes

In the aftermath of earthquakes, the structural condition of buildings and
other critical infrastructure elements must be evaluated prior to reoccupa-
tion. Today, this process is based on visual inspections that are inevitably
subjective, time-consuming, and sometimes inconclusive, owing to the limita-
tion of inspections to visible and accessible parts of the structure. Suspend-
ing functionality until thorough evaluations have taken place leads to major
accommodation problems and prolonged business downtimes, while unjus-
ti�ed early reoccupation carries the risk of collapses, due to the increased
structural vulnerability and the likely seismic aftershocks that follow major
earthquakes.

A broad sensor deployment to enable vibration-based SHM for rapid dam-
age assessment in the aftermath of damaging earthquakes can accelerate deci-
sion making on post-earthquake structural safety and, therefore, improve the
resilience of communities against seismic hazard. To this end, the bene�t of
vibration monitoring is manifold: (a) early warning alarms can be generated
prior to the seismic strike, (b) SHM-informed digital twins of representative
buildings may contribute to the re�nement of the vulnerability assessment
at regional scale, (c) permanent monitoring of buildings representing charac-
teristic typologies can provide rapid evaluation of the structural condition,
allowing for a near-real time estimate of the damage distribution at city-scale.
This information can be harvested by authorities to optimize the allocation
of rescue and inspection forces.

While major structural damage is visible and can be rapidly identi�ed by
inspectors, or leveraging new technologies with images captured by drones
or even satellites, minor and internal damage, while being equally harmful,
may be covered by non-structural elements or neighboring buildings. The
proposed DSFs are tracking structural changes trough ambient vibrations
before and after a damaging earthquake and thus, aim to identify permanent
damage in the immediate aftermath of earthquakes. Fusing a large variety
of DSFs through ML algorithms is shown to yield robust damage indicators,
while the proposed domain adaptation approach performs well in generalizing
knowledge from simulations to real structures. This concept could be fur-
ther extended to extrapolate knowledge from densely monitored structures
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to light-instrumented buildings, signi�cantly improving the resilience of our
society with respect to earthquakes and possibly other catastrophes. By
combining inexpensive sensors with intelligent algorithms, this framework
enables SHM deployments in low-income countries, where poorly designed
buildings face frequently occurring disasters.

2.3 Increasing robustness of SHM sensor networks

Practical applications of SHM require permanent monitoring installations,
which, however, su�er from the shorter life-cycle of hardware components,
when compared with the service life of the monitored structures. Prompt
detection and identi�cation of sensor failures is necessary to prevent false
alarms and corrupted signals that could mask structural damage. The pro-
posed semi-supervised framework for sensor fault detection provides an easy-
to-train and application-agnostic anomaly detector that can be integrated
into a large variety of SHM and condition monitoring applications, providing
a �rst screening of the sensor health, prior to further analysis. Although
a vast feature space is provided, new features can be seamlessly added or
customized to meet project-speci�c needs.

Decision trajectories o�er the means to interpret the predictions stem-
ming from black-box models and enrich the information provided by con-
ventional anomaly detectors. Fusing multiple features through interpretable
anomaly detectors may overcome the limitations of conventional engineering
heuristics that require prior knowledge of the expected faults. In summary,
given a dataset classi�ed as \normal", the proposed framework enables seam-
less fault detection in new data. By analyzing the decision trajectories, mon-
itoring experts can translate the insights o�ered into the impact of individual
features and the dependencies between features, providing a better under-
standing of the underlying data structure. Fusing expert judgment with the
information obtained from decision trajectories may enable rapid labeling of
characteristic faults or false alarms that could be further utilized for training
advanced ML classi�ers or for data mining purposes. This may be of signi�-
cant importance for the interpretation of anomalies in an application-agnostic
manner.
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3. Outlook

3.1 Reducing uncertainties in seismic evaluation

The vibrational characteristics of the structures encapsulate information about
the distribution of sti�ness and mass. However, the identi�ed modal prop-
erties are also a�ected by excitation amplitude, environmental conditions,
and measurement noise. Careful consideration of these e�ects is essential
for robust model-updating frameworks. Although the temperature depen-
dency of sti�ness has been extensively studied and new sensors mitigate the
e�ect of noise, the e�ect of excitation amplitude has not been explicitly in-
cluded into physics-based models to date. Amplitude-dependent reversible
softening in the commonly assumed linear regime has been attributed to
\breathing cracks" in concrete and masonry material, as well as to the strain-
dependency of the soil-foundation sti�ness. Further research is required to
better understand the actual structural or mechanical source behind this
phenomenon. Systematic vibration measurements in buildings that undergo
demolition o�er an inexpensive source of data that could be further exploited
to verify constitutive formulations that capture this e�ect in various build-
ing typologies. A deeper understanding of the observed elastic nonlinearity
e�ect will deliver three signi�cant gains: (a) quantify the level of shaking,
up to which the sti�ness reduction is reversible, (b) assess the in
uence of
amplitude dependency on the inferred properties and, consequently, on the
seismic performance, and (c) formulate empirical functions for extrapolating
high-amplitude sti�ness from low-amplitude vibration recordings. This will
substantially increase the value of ambient measurements that can be easily
conducted in operating buildings.

The seismic evaluation of existing structures involves multiple sources
of uncertainty that are usually treated in a deterministic manner, through,
typically conservative, modeling assumptions. Data-driven BMU o�ers the
means to quantify the variability of uncertain parameters and propagate their
uncertainty to the outcome of the analysis of individual buildings. Through
applications to multiple case studies, the guidelines for uncertain param-
eters, such as the elastic properties of historic materials, can be re�ned at
regional level. To this end, monitoring buildings undergoing demolition o�ers
a unique opportunity to collect data and the presented frameworks provide
a valuable starting point. Fusing monitoring data with engineering models
o�ers a means of reducing modeling bias and uncertainties. However, the
outcome of model-updating depends on numerous parameters, such as the
number and location of sensors and the number of identi�ed modes used for
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the comparison with the model. Additionally, the excitation amplitude and
environmental conditions may signi�cantly a�ect the outcome of the updat-
ing and, ultimately, the analysis results. To this end, a generic framework
to systematically quantify the value of the updating process, considering all
these parameters, is missing and would be a valuable contribution towards the
development of SHM guidelines and the standardization of model-updating
schemes.

Reducing uncertainty in seismic evaluation of existing buildings is the
key to compare the seismic performance of buildings belonging to the same
or di�erent typological classes. Typological classes are formed by grouping
together buildings that share similar structural characteristics, such as the
number of 
oors, the slab sti�ness, and the construction year. However, it is
shown that, even for structures belonging to the same typology, seismic per-
formance often di�ers, depending on more elaborate structural features, such
as the number of openings in the ground 
oor and the symmetric distribu-
tion of sti�ness. Although re�ning typologies based on additional features is
ambiguous, vibration data and calibrated models can be used to cluster build-
ings, based on their seismic performance. Assuming that su�cient data is
available, ML algorithms can fuse elaborate structural features into robust es-
timators of seismic performance, without the need of pre-de�ned typological
classes. Calibrated models are the key to the transition to a typologically-free
assessment of seismic performance. The same method could be extended to
develop vulnerability functions that map combinations of structural features
to probabilities of damage states, for given IMs or DSFs.

3.2 Towards robust damage evaluation and self-improving
SHM algorithms

An extensive set of DSFs computed on low-amplitude vibrations has been
deployed to identify in-plane damage in simulated frames representing URM
facades, as well as in a large-scale experimental RC frame. With the fea-
sibility validated in two-dimensional applications, future work may extend
to 3D structures and elaborate the potential of data-driven damage local-
ization. Evaluating the damage patterns of speci�c structural typologies
through simulations will set the basis for the optimization of the sensor-
allocation along the monitored structure, based on the performance in terms
of damage prediction. Integrating additional DSFs that are derived from
the building response to strong ground motions can improve the predictive
accuracy, by including information that relates to the extent of nonlinear
response experienced during the seismic event. Parametric investigations in
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various structural typologies may shed light on the impact of the frequency
content and other signal characteristics of ground motions on the produced
damage.

Transfer learning brings new possibilities to combine simulations with real
data and generalize the knowledge obtained from a speci�c structure to new
domains. Although novel ML techniques show impressive performance when
faced with challenging classi�cation tasks, the liability associated with dam-
age detection in buildings cannot be delegated to black-box model decisions.
Damage detection and characterization algorithms do not aim to replace,
but rather to support, expert evaluations. Therefore, the interpretation of
model decisions may be a �eld of high impact research in the future. The
proposed decision trajectories can be seamlessly expanded to interpret miss-
classi�cations in damage prediction, as well as to investigate the impact of
EOCs. Furthermore, the e�ect of measurement noise may be thoroughly in-
vestigated, as it can become relevant in practical applications, where multiple
sensor technologies are combined.

Exploiting the collected data to continuously improve the performance of
monitoring algorithms is the key towards self-improving SHM applications.
ML algorithms are typically trained with a pre-de�ned set of available data.
However, permanent monitoring applications accumulate data over time that
could be exploited further to re�ne predictive performance. This iterative
process could be triggered by new data that contain novelties in terms of
EOCs, vibration amplitude, building occupancy, and additional DSF values.
Decision trajectories can facilitate the identi�cation and interpretation of
novel data by experts, who label the source of novelty and forward the new
data to the ML framework for retraining. To date, there is no generic frame-
work that rapidly evaluates the novelty of the collected data and dynamically
adjusts the weights of the underlying ML classi�er. Such a contribution is
expected to have a signi�cant impact towards practical ML-based SHM so-
lutions.

SHM aims to reduce the risk of unexpected collapses and to accelerate
evaluations in the aftermath of natural or human-caused disasters. Asset-
management decisions to date are based on engineering assumptions that
are rarely validated beyond visual inspections, which only o�er qualitative
information, based on the limited accessible parts of the structure. Identify-
ing the sources of uncertainty in engineering evaluation and optimizing the
design of SHM solutions to mitigate these uncertainties is the key to making
data-informed maintenance decisions. Although signi�cant e�orts have been
dedicated to improving the predictive accuracy of SHM, connecting SHM
predictions with actual asset management remains an open challenge. Es-
pecially in post-earthquake (crisis) operating conditions, the impact of fast
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decision-making in public safety is enormous. To this end, fusing vibration
monitoring data with remote visual inspection techniques can o�er a so-
lution to validate and reliably extrapolate knowledge from instrumented to
non-instrumented buildings. Future work should therefore address the mech-
anisms that drive maintenance decision-making in practice, the underlying
uncertainties, and how SHM could be a useful part of this chain. Integrating
the costs associated with the instrumentation, maintenance, and evaluation
of monitoring data together with the cost of erroneous decision-making could
provide the basis for cost-bene�t analyses.

Overall, the main frontiers preventing a broader application of SHM in
practice are: (a) integrating clear monitoring objectives and frameworks in
structural norms, (b) connecting SHM-based information with asset-management
decisions, and (c) monetizing the monitoring expenses along the life-cycle of
the monitored structure. Advances in these areas will underline the value
of SHM as a cost-e�ective solution in cases where maintenance decisions are
cost-intensive and highly uncertain, and erroneous decisions carry a high risk.

3.3 Validation of the proposed framework against post-
earthquake damage observations

The validation of data-driven predictions regarding post-earthquake condi-
tion assessment of buildings is eminent for the normative establishment of
SHM networks in seismic prone regions. For this, individual structures need
to be monitored prior, during, and after strong ground motions. The mon-
itored buildings should be regularly inspected, as structural damage may
occur due to aging, environmental factors or human actions. Ideally, the
inspections should be performed by the same inspectors and su�cient vi-
sual footage of critical components should be collected and stored for future
reference. The collected data can be exploited for the calibration of engineer-
ing models and the output of physics-based and statistical models should be
compared with the outcome of visual inspections.

In order to obtain a baseline reference prior to earthquakes, the monitored
structures need to be adequately modeled, so that the developed digital twins
capture the main dynamic characteristics of the actual buildings. The com-
putational models should be calibrated based on ambient recordings prior to
earthquakes, in order to reduce the e�ect of modeling uncertainties on the
predicted performance. Given the availability of calibrated engineering mod-
els, it is possible to compute the corresponding fragility curves, representing
the state of practice for seismic assessment at regional scale.

Although it is impossible to predict the time and location of the next
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strike, seismic prone regions, such as Italy or Greece, experience strong
ground motions at a yearly basis. A scarce network of monitored buildings
along the territory of seismic prone regions would be needed, to maximize
the probability of capturing multiple damaging earthquakes in the near fu-
ture. Vibration-based monitoring becomes relevant in identifying low levels of
damage, that may not be spotted through visual inspections. In this regard,
less damaging or remote earthquakes may be suitable to demonstrate the e�-
ciency of vibration-based monitoring in real scenarios. The selected buildings
should be representative of the local inventory and, ideally, characterised by
signi�cant seismic vulnerability, so that they experience measurable damage
due to seismic actions.

While the instrumentation cost for permanent monitoring installations
has signi�cantly reduced in the past years, the software infrastructure for
the treatment and management of the collected data is not straight forward
and need to be thoroughly designed. Regular sensor maintenance and re-
placement should be planned and considered in the cost estimation along
the life-cycle of the monitoring campaign. Finally, a clear course of actions
should be settled, in case pre-de�ned degradation thresholds are reached
(elaborate inspections, evacuation etc.). This action-plan will be continu-
ously revised, based on the experience collected by comparing changes in the
dynamic response with visible damage. The correspondence between visual
observations and data-driven assessment will help quantifying the sensitivity
and reliability of vibration-based monitoring in real cases and, ultimately,
put the basis for seismic SHM regulations in the near future.

3.4 Increasing robustness of SHM sensor networks

Permanent monitoring installations su�er from the limited life-cycle of sen-
sor networks, when compared to monitored structures. Early identi�cation of
sensor failures is essential to prevent false alarms and erroneous evaluations.
Conventional One-class classi�ers (OCCs), enhanced with decision trajecto-
ries, characterize sensor failures without pre-de�ned fault classes. Although
the proposed framework supports the consideration of time-varying e�ects
(such as EOCs) by simply retraining the anomaly detector as soon as new
\normal" data are available, the adoption of domain adaptation or rein-
forced learning approaches could potentially allow the transfer of knowledge
between monitoring projects. Exploring this potential could be the focus of
future research endeavors.

Sensor faults result from internal deterioration of electronic components
and are independent of the monitored structures. Although supervised ML
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frameworks are limited to known fault classes, OCCs, enhanced with deci-
sion trajectories, can seamlessly integrate novel faults. The e�ciency of this
approach has been veri�ed with datasets from real structures. However, the
development of an extensive library of decision trajectories, corresponding to
known faults, remains open. A project-agnostic, expandable semi-supervised
model for sensor fault detection could provide a valuable benchmark to be
tested with future datasets and to be compared with novel techniques for
sensor fault detection. This contribution would e�ciently address a main
weakness of long-term monitoring applications, substantially increasing the
robustness of sensor networks, which are the cornerstone of any SHM appli-
cation.

In a further step, a framework is required to continuously improve the
OCC-based benchmark by exploiting the continuous stream of new moni-
toring data. Healthy data from various sources may serve to retrain the
OCC base and faulty labeled data could enrich the library of known deci-
sion trajectories that may help in identifying the type of malfunctioning.
Furthermore, various sensors and acquisition devices possess di�erent noise
characteristics and failure sources. Appropriate post-processing techniques
and careful selection of features can mitigate the e�ect of measurement noise,
however, a thorough investigation is deemed valuable, towards robust sensor
fault indicators.

Challenges related to long-term requirements that SHM instrumentation
and data acquisition and transmission must satisfy are often neglected in the
design phase of practical monitoring applications, resulting in depreciation of
the SHM value over time and ultimately abandoning the monitoring network
within 5 to 10 years after putting the SHM system into operation. In order to
maximize the service life and value of SHM deployments, the maintenance of
the monitoring system should be part of the design and the estimated costs
of long-term monitoring systems. To this end, robust sensor diagnostics
constitute the cornerstone of data-driven maintenance of SHM systems. As
the quality of structural evaluation depends on the long-term stability of the
performance yielded by the diagnostic tools, related research is expected to
signi�cantly increase the long-term value of SHM.
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A. Documentation of Case Studies of
monitored demolitions

241



The documentation of all case studies is provided in Figures A.1 - A.8 as
follows: (a) 3D-rendering of the studied structure, (b) typical ground 
oor
including the sensor positions, (c) cross-section of the building.
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Figure A.1: Case study MW2.
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Figure: Whentalerstrasse 345 / MW3
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Figure A.2: Case study MW3.
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Figure: Mutschellenstrasse 69/ MW4
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Figure A.3: Case study MW4.
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Figure: Whentalerstrasse 351 / MC1
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Figure A.4: Case study MC1.
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Figure: Mutschellenstrasse 88 / MC2

Masonry structural (12 - 32 cm)
Reinforced concrete
Concrete floor (20 cm)
Sensor & position nr.1

Construction year: 1948
Typology: M6_M-PC

(c)

(d)

17.34

10
.6

8

D
em

ol
iti

on
 s

id
e

-2.30 m
LV. -1

0.00 m
LV. 1

2.70 m
LV. 2

5.40 m
LV. 3

10.80 m

8.10 m
LV. 4

1

3

2X

Y

(a)
XY

Ground

A
A

(b)

Figure A.5: Case study MC2.
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Figure: Mutschellenstrasse 88-92 / MC3
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Figure A.6: Case study MC3.
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Figure: Langgruetstrasse 96 / MC4
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Figure A.7: Case study MC4.
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Figure: Goldbrunnenstrasse 137 / MR1
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Figure A.8: Case study MR1.
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