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Abstract

Algeria’s mass-housing programs use identical reinforced concrete buildings, making tradi-
tional Structural Health Monitoring (SHM) economically unfeasible. This thesis develops a
Population-Based SHM (PBSHM) framework. A Ground+9-story (G + 9) reference building
(RPA 2024, BAEL 91/99) is analyzed. A Genetic Algorithm determines an Optimal Sensor
Placement (OSP), identifying 20 sensors using the Modal Assurance Criterion (MAC) matrix.
Inter-structure variations are modeled as Gaussian noise. A dual-branch Denoising Autoencoder
(DAE) reconstructs sensor fields and predicts damage, achieving a coefficient of determination
(R?) >0.93 and Mean Squared Error (MSE) <0.02, validating scalable deployment.

Keywords: Population-Based SHM, Denoising Autoencoder, Optimal Sensor Placement
(OSP), Modal Assurance Criterion (MAC), Flexibility-Based Damage Indicator, Coefficient
of Determination (Rz), RPA 2024, Seismic Monitoring.
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Résumé

Les programmes de logements de masse en Algérie utilisent des batiments identiques en béton
armé, rendant la Surveillance Santé Structurale (SHM) traditionnelle économiquement irréal-
isable. Cette these développe un cadre de SHM Basée sur la Population (PBSHM). Un ba-
timent de référence Rez-de-chaussée+9 étages (G +9) (RPA 2024, BAEL 91/99) est analysé.
Un Algorithme Génétique détermine un Placement Optimal des Capteurs (OSP), identifiant 20
capteurs via le Critere d’ Assurance Modale (MAC). Les variations inter-structures sont mod-
élisées comme un bruit gaussien. Un Auto-Encodeur Débruiteur (DAE) reconstruit les champs
de capteurs et prédit les dommages, atteignant un coefficient de détermination (R?) >0,93 et
une Erreur Quadratique Moyenne (MSE) <0,02, validant un déploiement a grande échelle.

Mots-clés : Surveillance basée sur la population (PBSHM), Auto-encodeur débruiteur (DAE),
Placement optimal de capteurs (OSP), Critere d’ Assurance Modale (MAC), Indicateur de dom-



mage par flexibilité, Coefficient de détermination (R2), RPA 2024, Surveillance sismique.
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1 General Introduction

1 GENERAL INTRODUCTION

Algeria’s northern coastline has long been one of the most densely inhabited and economically vital
corridors in North Africa. The tell region, stretching along the Mediterranean from Annaba in the
east to Oran in the west, concentrates the vast majority of the country’s population, industrial activity,
and critical infrastructure. At its heart lies the capital, Algiers, a metropolis of over five million in-
habitants whose urban fabric has expanded relentlessly across the rugged terrain of the Mitidja plain
and the surrounding Sahel hills. What makes this concentration particularly consequential is its geo-
logical setting. The northern Algerian seaboard sits directly above the convergent boundary between
the African and Eurasian tectonic plates, a collision zone that has generated destructive earthquakes
throughout recorded history. The devastating earthquake of El Asnam in 1980, which reached a mag-
nitude of 7.3 and claimed more than 2,500 lives, and the catastrophic Boumerdes earthquake of May
2003, which struck at a magnitude of 6.8 and killed nearly 2,300 people while leaving hundreds of
thousands homeless, are among the most painful reminders of this ongoing seismic hazard. These
events, and the many moderate tremors that punctuate the region’s history, make it clear that northern
Algeria is not simply an area of elevated risk on a hazard map. It is a territory where the interaction
between a dense, growing urban population and an active tectonic environment produces a challenge

of the first order for engineers and public authorities alike.

It is precisely within this context that national housing programs such as AADL, LPP, and
LPA have taken on an enormous practical importance. Faced with a chronic housing deficit and rapid
population growth, the Algerian state has responded by constructing residential buildings on a massive
scale, relying on industrialised, standardised typologies to achieve the necessary pace and volume.
This approach, sometimes described informally as a “copy-paste” model, produces vast urban estates
across the northern tell where a handful of proven structural designs are replicated across large plots
of land, generating districts composed of hundreds of nominally identical reinforced concrete blocks
(see Figure I.1). The efficiency of this strategy is undeniable from a construction standpoint, but it
creates a situation that is structurally and organisationally unique: a built environment consisting of
thousands of structurally similar buildings, all exposed to the same seismic hazard, and all potentially

requiring rapid assessment in the aftermath of a major earthquake.

This mass standardisation brings with it a challenge that conventional structural monitor-
ing approaches are simply not equipped to handle. Traditional Structural Health Monitoring (SHM)
paradigms treat every building as an isolated, unique entity requiring a dedicated, densely instru-
mented sensor network calibrated specifically to that structure. This approach makes sense for a
single landmark bridge or a critical industrial facility, but it becomes economically and logistically
untenable when applied at the scale of a residential district. Instrumenting every building in a given
estate with high-density sensor arrays would require investments of a magnitude that no public au-
thority could justify. Yet the alternative, relying solely on post-earthquake visual inspections carried

DAHEL Ihab 1 E.N.S.T.P



1 General Introduction

Figure I.1: Aerial views of typical Algerian mass-housing developments (e.g., AADL programs) a)
during construction and b) upon completion. These dense, highly repetitive structural typologies con-
stitute strongly homogeneous populations, necessitating scalable, fleet-level Structural Health Moni-
toring rather than isolated, building-specific diagnostics.

out building by building, is equally problematic. Following a major seismic event, the urgency of
identifying which structures are safe, which require evacuation, and which are at immediate risk of
collapse is extreme. Evaluating thousands of buildings sequentially in that context delays emergency
responses, prolongs uncertainty, and costs lives. Decision-makers therefore need something that nei-
ther traditional SHM nor manual inspection can provide: a scalable framework capable of inferring
the structural condition of an entire network of buildings from limited, efficiently distributed data.

Population-Based Structural Health Monitoring (PBSHM) offers a conceptually coherent
answer to this need. Rather than treating each building as an isolated case, PBSHM frames the mon-
itoring problem at the level of an entire population of structures that share common physical charac-
teristics. Algerian mass housing estates are, in this sense, a near-ideal real-world instantiation of what
the PBSHM literature refers to as a “strongly homogeneous population.” The buildings within a given
district are built from the same structural system, follow the same geometric layout, and respond to
dynamic excitations according to the same underlying mechanical principles. They do, of course, dif-
fer from one another in subtle ways: minor variations in material properties arise from batch-to-batch
differences in concrete and steel, construction tolerances introduce small geometric deviations, local
soil conditions vary from one plot to the next, and environmental factors such as temperature and
humidity affect each structure differently over time. The key insight of PBSHM is that these differ-
ences, rather than being a problem to be eliminated, can be explicitly modelled as statistical variability
within the population. By learning the shared physical rules of the population, rather than calibrating
separately to each individual building, diagnostic knowledge can then be transferred across the entire
fleet.

Translating this conceptual framework into a practical monitoring system requires two con-

DAHEL Ihab 2 E.NN.S.T.P



1 General Introduction

crete decisions: choosing a mathematical baseline that represents the population, and designing an
instrumentation strategy that is both physically sound and financially realistic. The baseline adopted
in this thesis is a standard G 49 reinforced concrete shear-wall building located in Staoueli, within
the suburban belt of Algiers. This structure, representative of the typology deployed across AADL es-
tates throughout the region, serves as the reference model from which the statistical properties of the
broader population are derived. The variabilities that distinguish one building from another within
such a population arise from many independent sources simultaneously, and their combined effect
on the structure’s dynamic characteristics can therefore be rigorously described as additive Gaussian
noise, in accordance with the Central Limit Theorem. This statistical grounding transforms what
might otherwise be treated as an uncontrolled source of uncertainty into a formally tractable mod-

elling assumption.

Building on this foundation, the thesis proposes an integrated artificial intelligence pipeline
designed to address both the instrumentation cost problem and the data quality challenge. On the
instrumentation side, a Genetic Algorithm is used to identify a sparse but optimally distributed sensor
network that preserves the maximum diagnostic information about the structure while using only a
fraction of the sensors that a conventional dense array would require. On the data processing side, a
Denoising Autoencoder (DAE) with a dual-branch architecture is trained to operate on the incomplete
and noise-corrupted signals produced by these sparse sensors. The choice of a denoising autoencoder
is not incidental. Its defining capability, the reconstruction of clean signals from corrupted or partial
inputs, corresponds directly to the physical problem at hand: the inter-structure variability within
the population manifests in the sensor data as additive noise, and the DAE is specifically structured
to suppress that noise while retaining the damage-relevant information. In doing so, the network
simultaneously reconstructs the full spatial sensor field across the structure and produces an accurate
prediction of damage severity in the critical structural zones, all from a minimal and economically

viable instrumentation setup.

The primary objective of this thesis is therefore to develop and validate a scalable, physically
grounded, and noise-robust SHM pipeline tailored to the realities of standardised reinforced concrete
residential buildings in high-density seismic zones. The remainder of this document is organised as
follows. Section 2 provides a critical review of the literature, tracing the evolution from vibration-
based monitoring to optimal sensor placement and Population-Based SHM. Section 3 details the
structural design, numerical modelling, and dynamic analysis of the baseline G+ 9 building. Section 4
focuses on the design of the optimal sensor network and the extraction of flexibility-based damage
features. Finally, Section 5 presents the architecture, training methodology, and validation results
of the Denoising Autoencoder, demonstrating its capacity to transfer diagnostic knowledge across a
simulated building population.
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2 LITERATURE REVIEW

2.1 Introduction

The safety and longevity of civil infrastructure depend on our ability to detect and quantify structural
damage before it leads to failure. Structural Health Monitoring (SHM) addresses this need by deploy-
ing sensor networks, acquiring structural responses, and applying inference algorithms to provide

engineers with continuous information about structural integrity [1, 2].

This chapter traces the evolution of the field through four connected challenges that together
motivate the approach adopted in the present thesis. Section 2.2 reviews the physical origins of SHM
and the transition from visual inspection to vibration-based monitoring. Section 2.3 examines the
flexibility matrix as the bridge that connects dynamic measurements back to physical stiffness reduc-
tions. Section 2.4 addresses the practical impossibility of instrumenting every degree of freedom and
the Optimal Sensor Placement methods that resolve it. Finally, Section 2.5 confronts the scalability
challenge of monitoring entire fleets of structures, introducing Population-Based SHM and transfer

learning as the enabling framework for the present work.

2.2 The Physical Challenge: From Visual Inspection to Vibration-Based Monitoring

For most of the history of civil engineering, structural assessment relied on periodic visual inspections
and localised non-destructive evaluation techniques such as ultrasonic testing, acoustic emission, and
radiography [1]. While these methods provided useful diagnostic information, they were limited by
human subjectivity, discontinuous temporal coverage, and an inability to assess the global state of a

structure or detect internal degradation that is not visible from the surface.

The recognition of these limitations drove the development of vibration-based condition
monitoring during the late 1980s and 1990s. The underlying physical principle is straightforward:
the dynamic behaviour of any structure is governed by its mass, stiffness, and damping properties.
When damage occurs, whether through cracking of concrete, corrosion of reinforcement, or delam-
ination in composites, the result is a localised reduction in stiffness. This stiffness change, in turn,
alters the structure’s natural frequencies, mode shapes, and damping ratios [3, 4]. By measuring these
modal parameters over time, engineers can in principle detect damage without direct physical access

to the damaged region.

This idea led to a systematic way of thinking about what “damage detection” means. Ryt-
ter [3] proposed a four-level classification that has since become standard in the field: Level 1 asks
whether damage exists (detection), Level 2 asks where it is located (localisation), Level 3 asks how

severe it is (quantification), and Level 4 asks how much service life remains (prognosis). Each suc-
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cessive level requires richer data and more sophisticated inference, and much of the SHM literature

can be understood as the effort to climb from one level to the next.

Early researchers focused on shifts in natural frequencies as the primary damage indicator.
Frequencies are easy to measure and are sensitive to changes in global stiffness. However, for com-
plex civil structures, frequency-based methods proved insufficient. Natural frequencies are global
quantities: a small, localised stiffness reduction may shift a frequency by less than the measurement
noise, and environmental factors such as temperature and traffic loading can produce frequency vari-
ations that are larger than the damage signal itself [3]. This meant that while vibration data clearly
carried damage information, the raw modal parameters alone could not reliably tell an engineer where
damage was located or how much stiffness had been lost. The field needed a derived quantity that
could connect dynamic measurements directly back to physical stiffness, and this is precisely what

the flexibility matrix provides.

2.3 The Interpretability Challenge: The Flexibility Matrix as a Bridge to Stiffness

The most natural quantity to examine for damage is the stiffness matrix itself, since structural dam-
age manifests directly as a stiffness reduction. However, assembling the stiffness matrix from vi-
bration measurements is notoriously difficult. The stiffness matrix is dominated by high-order, high-
frequency modes that carry very little energy under ambient loading conditions, making their accurate

extraction practically impossible [3, 6].

Pandey and Biswas [5] showed that this difficulty can be sidestepped by working with the
flexibility matrix instead. The flexibility matrix is the mathematical inverse of the stiffness matrix,

and it can be assembled from mode shapes and natural frequencies through the relation

o]
F=dA 'o"=Y ~¢.0/, (IL1)

r=1r

where , is the r-th circular natural frequency, ¢, is the corresponding mass-normalised mode
shape vector, and m is the number of retained modes. The key property is the inverse-squared fre-
quency weighting 2: as the mode number increases, the natural frequency grows rapidly, so each
successive mode contributes less and less to the sum. This means that the flexibility matrix converges
quickly using only the first few low-frequency modes [5, 7, 8]. In other words, the flexibility matrix
acts as a natural low-pass filter, amplifying the contribution of the low-frequency modes that are most

reliably measured and suppressing the noisy high-frequency modes that are difficult to extract.

This convergence property is what makes the flexibility matrix practically useful. Oper-
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ational Modal Analysis (OMA), which identifies modal parameters from ambient vibration alone
(wind, traffic, micro-tremors) without requiring controlled excitation, delivers the natural frequen-
cies and mode shapes needed to compute the flexibility matrix. Because OMA works best for low-
frequency modes, and because the flexibility matrix needs only low-frequency modes, the two meth-
ods are naturally complementary [3, 9].

To detect damage, Pandey and Biswas proposed comparing the flexibility matrix of a poten-

tially damaged structure against a healthy baseline:

AF = Fdamaged - Fhealthy- (I1.2)

They demonstrated that the columns of AF show peaks at the degrees of freedom where stiff-
ness has been reduced [5]. Because the flexibility matrix is the inverse of the stiffness matrix, a local
stiffness reduction maps directly to a local increase in flexibility. This connection is physically trans-
parent, which is a significant advantage over purely statistical indicators that may detect anomalies

without explaining their mechanical origin.

Subsequent work extended and validated this approach in several directions. Altunisik et
al. [4] compared modal flexibility against modal curvature as competing damage indicators on beam
structures with multiple cracks, showing that flexibility-based methods provide more consistent local-
isation across different damage patterns. Li et al. [7] introduced a generalised flexibility matrix with
an alternative weighting function that improves robustness when only very few modes are available,
while still requiring the same OMA-compatible input data. Peng et al. [8] provided a comprehensive

review of both static and dynamic flexibility approaches, confirming that flexibility-based indicators

remain widely used despite the rise of data-driven methods.

The flexibility matrix thus provides the interpretability that raw modal parameters lack: it
translates frequency and mode shape changes into stiffness changes that have direct physical meaning.
However, there is a practical constraint that must be addressed before this approach can be deployed
on real structures. Computing the flexibility matrix at a set of degrees of freedom requires mode shape
measurements at those same degrees of freedom. For a finite element model of a real structure, the
number of degrees of freedom can reach into the tens of thousands, and instrumenting every one of
them with a sensor is economically and logistically impossible. This creates a hardware bottleneck

that motivates the next topic.
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2.4 The Hardware Bottleneck: Optimal Sensor Placement

A realistic SHM deployment must extract as much information as possible from a limited number of
sensors. A large civil structure may have thousands of degrees of freedom in its finite element model,
but practical budgets, physical access, weight constraints, and wiring limitations restrict the sensor
count to tens or at most a few hundred. Choosing which degrees of freedom to instrument is therefore
a critical design decision. A poor sensor layout can lead to spatial aliasing, where physically distinct
mode shapes appear identical in the measurements, or to loss of sensitivity in regions where damage

1s most likely to occur [10].

This design problem is known as Optimal Sensor Placement (OSP). Given n candidate sensor
locations and a budget of m < n sensors, the objective is to select the subset of m locations that
maximises the information content of the acquired data. The number of possible configurations grows

combinatorially, making exhaustive search intractable for any realistic structure [11, 12].

To compare candidate sensor configurations, two objective functions have become standard
in the literature. The first is derived from the Fisher Information Matrix (FIM), which quantifies how
much information the measurements at a given sensor set carry about the unknown modal parameters.
Maximising the determinant of the FIM, known as D-optimality, is equivalent to minimising the
uncertainty in modal identification [10, 13]. The second is the Modal Assurance Criterion (MAC),
which measures the geometric distinguishability between mode shapes as observed by the sensor
set. An ideal sensor configuration produces a MAC matrix that is close to the identity, meaning that
every target mode is linearly independent from every other mode at the measurement locations. When
the off-diagonal MAC values are large, distinct modes become indistinguishable and the monitoring
system loses spatial resolution [10, 14]. Many modern OSP formulations combine both criteria to
ensure that the selected sensors are both informative for parameter estimation and capable of resolving
individual modes [15].

Because the search space is combinatorial, Genetic Algorithms (GAs) have become one of
the most widely used optimisation strategies for OSP. A sensor configuration is encoded as a chro-
mosome, with each gene representing whether a sensor is placed at a given degree of freedom. An
initial population of random configurations is evaluated against a fitness function, typically based
on the MAC or FIM, and then evolved through selection, crossover, and mutation to produce in-
creasingly better configurations [16, 17]. Liu et al. [16] proposed a decimal encoding scheme with
forced mutation to prevent premature convergence in spatial lattice structures. Jung et al. [18] ap-
plied GA-based OSP to flexible aerospace structures, demonstrating effective placement using modal
strain energy. Downey et al. [17] introduced an adaptive gene-pool learning mechanism that identifies

Pareto-optimal trade-offs between sensor count and information content. Nasr et al. [19] compared

GA-based approaches against simulated annealing for OSP, finding that GAs generally provided more
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consistent results across different structural configurations.

A practical limitation of most OSP formulations is that the number of sensors is treated
as a fixed input. In reality, the sensor count is itself a design variable that should be optimised
alongside placement. Cherid et al. [11] addressed this directly in the context of the Oued Dib cable-
stayed bridge in Algeria. Starting from over 36,000 degrees of freedom in a 3D finite element model,
they applied accessibility constraints and FIM-based pre-screening to reduce the candidate set to a
manageable size, then ran a modified GA that could add or remove sensors during evolution. The
algorithm converged to 47 optimally placed sensors, and the resulting network was shown to capture
sufficient modal information for damage detection and localisation using an artificial neural network.
This simultaneous optimisation of sensor number and placement serves as a direct reference for the

approach adopted in the present thesis.

With optimally placed sensors providing reliable mode shape estimates at a reduced set of
degrees of freedom, the flexibility matrix can be computed from sparse measurements, and the flexi-
bility change AF can serve as a damage-sensitive feature vector. The pipeline from vibration measure-
ments through optimal sensing to physically interpretable features is now complete. The remaining
challenge is classification: given a flexibility feature vector, the system must decide whether dam-
age is present, where it is located, and how severe it is. For simple structures with a small number
of damage scenarios, classical statistical methods can handle this task. But for complex structures
with many possible damage locations and severity levels, the classification problem demands more

powerful pattern recognition, which leads to machine learning and, ultimately, deep learning.

2.5 The Scalability Challenge: Machine Learning and Population-Based SHM

The integration of machine learning into SHM has followed the broader trajectory of the field: from
classical methods such as support vector machines and artificial neural networks that operated on
hand-crafted features, to deep learning architectures that can learn representations directly from raw
or minimally processed data [1, 20, 2]. The specific choice of architecture depends on the nature of the
problem being solved. Autoencoders, for instance, are designed to compress high-dimensional data
onto a lower-dimensional latent manifold and reconstruct it, which makes them useful for anomaly
detection: a model trained on healthy data produces large reconstruction errors when presented with
damaged data [9]. Recurrent architectures address the challenge of temporal memory in time-series
data, allowing models to capture how structural responses evolve over time. Denoising autoencoders
go a step further by learning representations that are robust to input corruption, which makes them
particularly suited to environments where sensor noise, signal dropout, and measurement uncertainty
are significant [21]. This last property is directly relevant to the present thesis, where the monitoring

system must operate reliably under noisy conditions and with potentially incomplete sensor coverage.
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Regardless of the architecture, however, all supervised deep learning approaches share a
fundamental requirement: they need large quantities of labelled training data. In SHM, labelled
damage data means pairs of (measurement, known damage state), where the damage state includes
the location and severity of any structural degradation. Obtaining such data is extremely difficult
in practice [22, 23]. Deliberately damaging an operational structure to generate training examples
is dangerous and economically unacceptable. Controlled laboratory experiments can provide some
labelled data, but laboratory specimens rarely capture the full complexity of real structures. Finite
element simulations offer a scalable alternative, but models inevitably contain simplifications that
limit their fidelity. The result is that a deep learning model trained on data from one specific structure
will typically fail to generalise to a different structure, or even to the same structure under different

environmental or operational conditions.

This data scarcity problem is the central bottleneck that prevents deep learning from reaching
its full potential in SHM. The response from the research community has been to move beyond the

traditional paradigm of treating each structure as an isolated, unique entity.

Population-Based Structural Health Monitoring (PBSHM) addresses this bottleneck by con-
sidering groups of structures that share functional or geometric similarities, and by transferring di-
agnostic knowledge across members of the group. Importantly, the motivation for PBSHM extends
beyond merely solving the data scarcity problem; it provides the strategic framework required to
monitor entire fleets of infrastructure, such as wind farms, networks of bridges along commercial
corridors, or large residential areas in seismic zones, at scale. The theoretical foundations for this
approach have been developed in a series of papers by researchers at the University of Sheffield. Bull
et al. [24] introduced the concept of homogeneous populations, which are collections of nominally
identical structures such as a fleet of aircraft of the same type or a set of wind turbines from the same
production line. Each real structure in the population is viewed as a “participant” that deviates slightly
from an idealised mathematical “Form”. These deviations arise from numerous independent sources:
manufacturing tolerances, material property scatter, local soil conditions, and fluctuating environ-
mental and operational variations such as temperature, humidity, and loading patterns. Because these
sources are multiple, independent, and individually small, their combined effect on extracted dynamic
features can be approximated as additive Gaussian noise through the Central Limit Theorem [24].
This is an important insight: it means that the population problem for a strongly homogeneous group
of structures can be reduced to a Form plus some statistical deviations around it. In practical terms, it
provides a theoretical justification for generating population-wide training data from a single baseline
finite element model by adding stochastic perturbations that mimic the natural variability within the

population.

For populations that are not homogeneous, the problem is more complex. Gosliga et al. [25]

developed the mathematical machinery to handle heterogeneous populations, where structures dif-
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fer in geometry, material, or configuration. They proposed decomposing structures into Irreducible
Element (IE) models and representing the resulting topology as Attributed Graphs, where nodes corre-
spond to joints and edges correspond to structural members. This graph-based representation enables
the use of graph matching algorithms and Graph Neural Networks to quantify structural similarity

even between radically different structures.

Part III of the series [26] addresses the core question of how to map functional data from
a data-rich “source” structure to a data-poor “target” structure. It defines the mathematical formula-
tions required for domain adaptation within heterogeneous feature spaces, showing that neural net-
works with joint domain adaptation can translate dynamic structural data across different domains.
Part IV [27] conceptualises the global population of structures as existing in an abstract space, with
feature data forming sections of a vector bundle over this space, providing a geometric framework for
understanding when and why transfer should succeed. Part V [28] translates these ideas into a soft-
ware ecosystem with a relational database, a network layer for maintaining similarity relationships,

and a framework layer for executing transfer learning operations.

Transfer learning is the practical mechanism that makes PBSHM operational. When labelled
data are abundant on a source structure but scarce on a target structure, transfer learning provides
a way to reuse the knowledge encoded in a model trained on the source [22]. For homogeneous
populations, simple fine-tuning is often sufficient: the lower layers of a pretrained network, which
capture general structural features, are kept fixed while only the final layers are retrained with a small
amount of target data [22, 29]. For heterogeneous populations, direct fine-tuning may fail because the
source and target feature spaces are structurally incompatible, and domain adaptation techniques are
needed to align the data distributions of the two domains [26, 30].

Several extensions have been proposed to make transfer learning more practical. Poole et
al. [23] developed an active transfer learning framework that sequentially selects the most informative
target-domain data points for labelling, minimising the cost of physical inspections while maximising
predictive performance. Dardeno et al. [31] explored the use of intermediate structures as stepping
stones for transfer when the source and target are too dissimilar for direct adaptation. In the aerospace
domain, Brennan et al. [32] demonstrated that the PBSHM framework extends naturally to aircraft
components, and Tsialiamanis et al. [33] validated graph neural network-based population inference

on heterogeneous truss populations with varying material properties and environmental conditions.

The present thesis implements exactly this pipeline, with a specific focus on the intersection
of PBSHM theory and machine learning architecture design. As established by the Central Limit
Theorem for strongly homogeneous populations, the multitude of structural, environmental, and op-
erational variabilities can be abstracted as additive Gaussian noise around a baseline Form. The core

scientific contribution of this thesis is to explicitly link this population-level abstraction to the me-
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chanics of a Denoising Autoencoder (DAE). Because the DAE is fundamentally designed to learn
representations that are robust to input corruption, it does not merely filter out measurement noise;
it effectively learns to ignore the structural and environmental deviations that define the population.
By training the DAE on a baseline finite element model with carefully injected noise and dropout,
the network achieves a form of “pseudo-transfer learning.” The latent space learned during training
on a fully instrumented source structure can therefore be directly reused for a target structure with
sparser instrumentation, effectively transferring diagnostic knowledge within a homogeneous popu-

lation without requiring classical domain adaptation.

2.6 Summary

The literature reviewed in this chapter follows a progression driven by successive practical limitations.
Vibration-based methods overcame the subjectivity and spatial limitations of visual inspection, but
raw modal parameters lacked the physical interpretability needed for damage localisation. The flex-
ibility matrix resolved this by providing a direct, physically transparent link between dynamic mea-
surements and stiffness reductions, one that converges with only a few low-frequency modes. How-
ever, computing the flexibility matrix at useful spatial resolution requires mode shape measurements
at many degrees of freedom, which led to the development of optimal sensor placement methods that
extract maximum information from a limited sensor budget. Even with good sensors and interpretable
features, supervised machine learning models remain constrained by the scarcity of labelled damage
data, which Population-Based SHM and transfer learning address by sharing diagnostic knowledge
across populations of related structures.

Together, these four elements, the physical basis of vibration-based monitoring, the flexi-
bility matrix as the damage indicator, optimal sensor placement as the measurement strategy, and
population-based transfer learning as the inference framework, define the conceptual architecture of
the present thesis. The chapters that follow develop each element computationally and apply them to
a reinforced concrete building under the Algerian seismic context.
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3 STRUCTURAL DESIGN AND SIZING

3.1 Project Description and General Views

Building upon the theoretical framework established in the preceding chapter, this structure was se-
lected as the primary baseline for the analysis and development of our proposed methodology. The
specimen is an G+9 reinforced concrete building located in Staoueli, Algiers, featuring a ground floor,
a mezzanine level ("Entres-Sol"), and four basement levels. Geometrically, the building reaches a to-
tal elevation of 33.66 m from the foundation base to the roofline, utilizing a consistent story height of
3.06 m for all levels.
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Figure II1.1: 3D view of the chosen baseline structure from two different angles

The stability of the structure is primarily ensured by a system of reinforced concrete shear
walls (voiles), which are strategically distributed to resist lateral seismic forces. Specifically, the plan
layout features 2 lines of shear walls oriented along the X-direction and 7 lines distributed along the
Y-direction. For the purposes of this study, the elastic sizing of the structural elements is performed
exclusively for the superstructure; the mezzanine and basement levels were not considered within the
scope of this work.
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Figure II1.2: Typical floor plan of the baseline structure
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3.2 Materials Characteristics

To maintain a high level of structural performance for the baseline model, the following material
properties were adopted in accordance with the project specifications.

3.2.1 Concrete (C30/37)

The concrete utilized is a class C30/37, characterized by the mechanical properties summarized in
the table below:

Table III.1: Mechanical properties of C30/37 concrete.

Property Value
Compressive strength at 28 days (f.23) 30 MPa
Modulus of Elasticity (E) 33,000 MPa
Poissona€™s Ratio (V) 0.2
Specific Weight 25 kN/m?
Shear Modulus (G) 13,750 MPa
Thermal Expansion Coefficient (o) 1.0x 1077 1/°C

3.2.2 Steel Reinforcement (B500B)

High-adherence longitudinal and transverse reinforcement of nuance BS00B is employed, with the

following design criteria:

Table II1.2: Reinforcement characteristics and concrete cover.

Parameter Value
Elastic Limit (f,) 500 MPa
Concrete Cover - Foundations 5cm
Concrete Cover - Columns and Beams 3 cm

3.3 Codes, Standards, and Software

The structural sizing and safety verifications follow the prevailing Algerian technical regulations and
international standards:

* RPA 2024: Algerian Seismic Code for seismic demand evaluation and structural safety.

* CBA 93: Algerian code for the design and calculation of reinforced concrete structures.
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* BAEL 91 Revised 99: Technical rules for the design of reinforced concrete structures based on

limit state philosophy.

* ETABS V22: Integrated software for 3D structural analysis and design, used for modal and

dynamic response spectrum analysis.

3.4 Load Analysis

The evaluation of the loads applied to the structure is a critical step in the elastic sizing process. For

this analysis, the loads are classified into three main static load cases to be integrated into the ETABS

model:

* GO0 (DEAD): This represents the self-weight of the structural elements (slabs, beams, columns,

shear walls, and stair structural plates). It is calculated automatically by ETABS using the

formula: Cross-Sectional Area x Length X Y.oncrere, Where the specific weight of reinforced

concrete is taken as Yeoncrere = 25 kN/m?3.

* G1 (SUPER DEAD): This includes all superimposed dead loads, such as floor finishes, screed,
masonry walls, and insulation. The structural self-weight is explicitly excluded from these

manual calculations.

* Q (LIVE): This represents the live loads depending on the usage of the specific area (residential,

commercial, or accessible/inaccessible roofs).

3.4.1 Superimposed Dead Loads - G1 (SUPER DEAD)

The superimposed dead loads for the different levels and structural components are detailed in the

tables below (see Tables III.3, II1.4, II1.5, and III.6).

Table III.3: Superimposed dead loads for the current residential floors.

Current Floor (Residential)
Component Load (kN/m?)
Cement mortar screed (f =4 cm) 0.80
Ceramic tile coating ( =2 cm) 0.70
Partition walls 1.00
Plaster ceiling coating 0.20
Total G1 2.70
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Table II1.4: Superimposed dead loads for the inaccessible terrace.

Inaccessible Terrace

Component Load (kN/m?)
Gravel protection (f = 5 cm) 1.00
Multilayer waterproofing complex 0.12
Sloping layer (average thickness 10 cm) 2.20
Expanded polystyrene thermal insulation (t = 4 cm) 0.16
Vapor barrier 0.02
Plaster ceiling coating 0.20
Total G1 3.70

Table II1.5: Superimposed dead loads for the stair flights and landings.

Stairs - Flight

Component Load (kN/m?)
Concrete step 2.12
Porcelain stoneware + laying mortar (horizontal), f = 9 mm 0.60
Porcelain stoneware + laying mortar (vertical), t = 9 mm 0.60
Cement coating (rt = 1.5 cm) 0.27
Total G1 3.59
Stairs - Landing
Porcelain stoneware + laying mortar (horizontal), # = 9 mm 0.60
Laying mortar (+ =2 cm) 0.40
Cement coating (r = 1.5 cm) 0.27
Total G1 1.27
Table II1.6: Superimposed dead loads for the exterior masonry walls.
Exterior Masonry Walls (Double Wall)
Component Load (kN/m?)
Sprayed interior plaster coating ( = 2 cm) 0.36
Hollow brick (t = 10 cm) 0.90
Polystyrene (t =4 cm) 0.00
Hollow brick (t = 10 cm) 0.90
Exterior cement coating (f = 2 cm) 0.20
Total G1 2.36

For the reinforced concrete parapet (acroterion) at the terrace level, a linear load of 1.75

kN/ml is applied.

DAHEL Ihab 16

E.N.S.T.P




3 Structural Design and Sizing

3.4.2 Live Loads - Q (LIVE)

The live loads are determined according to the building’s destination and the functional requirements
of each space, as summarised in Table III.7:

Table II1.7: Live loads assigned to various areas of the structure.

Usage / Space Load Q (kN/m?)
Current Floor - Residential 1.50
Current Floor - Commercial 5.00
Common Areas and Stairs 2.50
Inaccessible Terrace 1.00

3.5 Seismic Analysis

3.5.1 Selection of the calculation method

For the seismic analysis of the present G+9 reinforced concrete building, the Modal Response Spec-
trum Analysis, as prescribed in (§ 4.3) of RPA 2024, has been selected for the following reasons:

* Regulatory Applicability : Unlike the Equivalent Static Method (§4.2), which is restricted
to regular configurations, the Modal Response Spectrum Analysis is applicable to all building

types and is systematically retained for this study given the building’s characteristics

* Building Height and Seismic Zone : With a total height of 33.66 m, higher vibration modes
beyond the fundamental are expected to contribute to the seismic response. The modal analysis
explicitly captures these contributions by requiring sufficient modes to achieve at least 90%
mass participation (§4.3.3)

3.5.2 Modal Analysis and Mass Participation

The modal analysis of the structure yielded the natural periods, mode shapes, and mass participation
ratios presented in Table IIL.8. A total of 11 modes were extracted to capture the dynamic behavior of
the building.
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Table II1.8: Modal analysis results: periods and mass participation factors

Mode | Period | Translational Cumulative Rotational
(sec) Ux Uy YUx | YUy Rz Y Rz

1 0.849 | 0.6559 | 0.0003 | 0.6559 | 0.0003 | 0.0691 0.0691
2 0.643 | 0.0017 | 0.6603 | 0.6576 | 0.6606 | 0.0045 0.0736
3 0.468 | 0.0809 | 0.0052 | 0.7385 | 0.6658 | 0.5980 0.6716
4 0.241 | 0.1312 | 0.0000 | 0.8697 | 0.6658 | 0.0171 0.6887
5 0.140 | 0.0121 | 0.0916 | 0.8818 | 0.7574 | 0.0004 0.6891
6 0.138 | 0.0058 | 0.0975 | 0.8876 | 0.8549 | 0.0035 0.6926
7 0.119 | 0.0177 | 0.0029 | 0.9053 | 0.8578 | 0.1048 0.7974
8 0.110 | 0.0315 | 0.0000 | 0.9368 | 0.8578 | 0.0125 0.8099
9 0.096 | 0.0009 | 0.0023 | 0.9377 | 0.8602 | 0.0639 0.8738
10 0.072 | 0.0258 | 0.0000 | 0.9634 | 0.8602 | 0.0004 0.8742
11 0.061 | 0.0000 | 0.0590 | 0.9634 | 0.9192 | 0.0026 0.8768

Note: Bold values indicate dominant participation per mode and cumulative masses

meeting the 90% requirement.

Fundamental period. The fundamental period is 77 = 0.849 s (Mode 1, predominantly Uy with
65.59% participation). Mode 2 (7T, = 0.643 s) is predominantly Uy (66.03%), and Mode 3 (73 = 0.468
s) is predominantly torsional Rz (59.80%).

Mass participation. Per §4.3.3 of RPA 2024, cumulative mass participation reaches 90.53% in
Ux at Mode 7 and 91.92% in Uy at Mode 11, satisfying the 90% requirement in both translational

directions.

Mode shapes. Modes 1-3 dominate the response: Ux-dominant (Mode 1), Uy-dominant (Mode
2), and Rz-dominant (Mode 3). Higher modes (4—11) exhibit coupled behavior contributing to the

remaining mass.

Compliance. The analysis satisfies all criteria of §4.3.3: 90% mass participation achieved in both
horizontal directions, minimum 3 modes per direction exceeded, and all modes with > 5% participa-

tion included.

3.5.3 Structural Classification According to RPA 2024

The seismic classification of the studied structure is carried out in accordance with the provisions
of RPA 2024. This classification aims to determine the structural regularity of the building and to

identify the type of seismic resisting system.

DAHEL Ihab 18 E.N.S.T.P



3 Structural Design and Sizing

The classification process is performed through three main stages. First, the structural param-
eters required for the verification are determined from the numerical model of the building. Second,
the regularity of the structure is examined both in plan and in elevation according to the criteria de-
fined by the seismic code. Finally, the structural system responsible for resisting horizontal seismic
forces is identified.

Determination of Structural Parameters The prescribed verifications requires the determination
of several global parameters describing the lateral behavior of the structure. These parameters include
the Torsion radii ry, r, and the Massive radius of gyration in plan /s as well as the story masses and
stiffnesses. They are derived from displacements and rotations in the major axes from the analysis of
the threea€“dimensional numerical model subjected to controlled lateral loading.

for each story i, the numerical model provides the horizontal displacements of the center
of mass in the two principal directions of the structure, denoted respectively by ux g j and uy g ;. In
addition, the analysis yields the rotational components of the floor about the three orthogonal axes,
denoted by 6, ,0y; and 0, ;. The rotations 6, ; and 6,; correspond to the rotations of the floor about

the horizontal axes, while 6, ; represents the torsional rotation of the floor about the vertical axis.

These quantities describe the global deformation state of the structure when subjected to
horizontal loading. And they are completed by the story seismic masses M;. These masses account
for the weight due to permanent loads and that of any fixed equipment, combined with 30% of the
applied live loads [34].

The structural response presented above is obtained by applying a lateral load distribution
proportional to the story masses of the structure. The underlying principle of this method is based on
the relationship between inertial forces and ground acceleration during seismic excitation [35, 36].
For a multi-degree-of-freedom structural system subjected to a horizontal ground acceleration a,, the

equation of motion takes the form
Mii + Ca+ Ku = —Mra,(?)

where M, C, and K are the mass, damping, and stiffness matrices respectively, and r is the influence
vector [35]. When a structure is subjected to a horizontal ground acceleration a, the inertial force

acting on the mass of story i can be expressed as
F=M;-a

where M; is the seismic mass associated with the considered story.
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In order to obtain a loading pattern independent of the actual seismic intensity, a unit ground
acceleration is assumed:

a=1m-s

the inertia forces become,
F=M;

Thus, the resulting load pattern corresponds to a system of horizontal forces at each floor level that are
numerically equal to the story masses. This loading configuration represents the static deformation of
the structure under the inertia forces generated by a rigid-body ground acceleration of unit magnitude.
Because the acceleration is uniform over the height of the building, the resulting displacement field
reflects only the stiffness distribution of the structural system [35, 36].

The static analysis performed under the unit acceleration load pattern provides the displace-
ment and rotation of the center of mass of each floor together with the corresponding story masses.
The results are summarized in Table II1.9

Table II1.9: Structural response to unit acceleration loading

Story X Direction Y Direction Torsion Mass Properties
uyGi(mm) 6,;(rad) | uygi(mm) 6,; (rad) 0. (rad) | Mass (kg) Ioi(t/ mz)

10 18747.205 0.555565 | 11986.896 -0.071350 | 0.107241 350159 23102

9 17418.508 0.503085 | 10587.098 -0.064464 | 0.095535 364111 26740

8 15987.330 0.447503 | 9166.346  -0.057132 | 0.083440 400433 29961

7 14187.764 0.387865 | 7710.728  -0.049264 | 0.070948 402608 30284

6 12181.982  0.324154 | 6241.767  -0.040879 | 0.058156 406334 30791

5 9998.111  0.257352 | 4795953  -0.032160 | 0.045308 412036 31635

4 7641.213  0.189480 | 3421.698  -0.023429 | 0.032786 415752 31788

3 5273.097 0.123731 | 2171.374  -0.015126 | 0.021140 412036 31635

2 3001.546  0.065027 1117703  -0.007851 | 0.011102 412036 31635

1 1070.058  0.020396 351.684 -0.002411 | 0.003620 412036 31635
Note: The table reports the horizontal displacements of the centres of mass and the rotational components of each
floor obtained from the unit acceleration loading case. These values are subsequently used to compute interstorey
deformations, storey stiffness, torsional eccentricities, and torsional radii required for the structural regularity
verification.

Once the structural response to the unit acceleration load pattern has been obtained, the
inter-story deformations are computed for each floor i as the difference between the displacement and
rotation of floor i and the floor immediately below (i — 1) [35]:

AuyGi=UyGi—UyG,i1, AuyGi=uyGi—UyGi 1
AB,;=0,;—06; 1, ABy;=06,;—06,; |
AB,; =0,,—0,;_
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The natural eccentricity components e, ; and ey, ; are then derived from the relative translation and
rotation of the floors [35, 37]:

Auy G o Auy G i
) Oy,i —
A6 ; A6 ;

€0x,i =

These quantities represent the horizontal distance between the center of mass of floor i and the pro-
jection of the stiffness center from the floor below. They quantify the inherent torsional offset of
the story. Under the rigid diaphragm assumption, each floor possesses three degrees of freedom (two
translations and one rotation about the vertical axis) and translational motion is coupled with torsional

rotation through this eccentricity [35].

The radius of gyration of the floor mass, denoted [, is obtained from the mass distribution
of the story. It is defined as [35]

Where I ; is the mass moment of inertia of floor i with respect to the vertical axis.

Next, the displacement of the stiffness center Au, c; and Au, ¢ ; are computed by removing
the torsional contribution due to the natural eccentricity from the measured inter-story translations
[37]:

Auy c; = Au, g —eqyi-AD
Auy ;= Auy G — eoxi-AD;

Finally, the torsional radii in the two principal directions are given by [34, 35]

Auy c

1~

A6, ;

The resulting inter-story deformations, natural eccentricities, stiffness-center displacements,

and torsional radii obtained from the analysis are summarized in Tables III.10 and III.11.
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Table III.10: Interstorey deformation components obtained from the unit acceleration analysis

Floor X Direction Y Direction Torsion
Aug cj (mm) A6Oy; (rad) | Auy ;i (mm) A6,; (rad) AB_; (rad)
10 1328.697 0.052480 1399.798 -0.006886 0.011706
9 1431.178 0.055582 1420.752 -0.007332 0.012095
8 1799.566 0.059638 1455.618 -0.007868 0.012492
7 2005.782 0.063711 1468.961 -0.008385 0.012792
6 2183.871 0.066802 1445.814 -0.008719 0.012848
5 2356.898 0.067872 1374.255 -0.008731 0.012522
4 2368.116 0.065749 1250.324 -0.008303 0.011646
3 2271.551 0.058704 1053.671 -0.007275 0.010038
2 1931.488 0.044631 766.019 -0.005440 0.007482
1 1070.058 0.020396 351.684 -0.002411 0.003620
Note: Interstorey translational and rotational deformations obtained from the unit acceleration anal-
ysis. These values correspond to the relative displacement and rotation between two consecutive
floors and constitute the basis for the evaluation of the torsional parameters of the structure.

Table III.11: Derived torsional parameters of the structure

Floor | L (m) | Natural Eccentricity Stiffness Centre Torsional Radii
€oxi (M)  egyi (M) | Auyci(mm) Auyci(mm) | ry;(m) ry;(m)
10 8.123 0.588 4.483 1328.462 1399.794 10.94 10.65
9 8.570 0.606 4.595 1430.923 1420.748 10.84 10.88
8 8.650 0.630 4.774 1799.281 1455.613 10.79 12.00
7 8.673 0.655 4.981 2005.465 1468.956 10.72 12.52
6 8.705 0.679 5.199 2183.524 1445.808 10.61 13.04
5 8.762 0.697 5.420 2356.530 1374.249 10.48 13.72
4 8.744 0.713 5.646 2367.745 1250.318 10.36 14.26
3 8.762 0.725 5.848 2271.208 1053.666 10.25 15.04
2 8.762 0.727 5.965 1931.222 766.015 10.12 16.07
1 8.762 0.666 5.634 1069.943 351.682 9.86 17.19
Note: The table summarizes the torsional parameters derived from the deformation field of the
structure. The radius of gyration Ly is obtained from the mass properties of each floor, while the
natural eccentricities and torsional radii are determined from the relationship between interstorey
translations and torsional rotations. These parameters are required for the verification of torsional
regularity according to the seismic design provisions.

Classification of the Building According to its Configuration The structural configuration of the
building is examined in accordance with the regularity criteria defined by RPA 2024, both in plan
and in elevation. The purpose of this classification is to determine whether the structure qualifies as
regular or irregular, which directly affects the applicable analysis method and the value of the behavior
coefficient.
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Plan Regularity The plan regularity of the building is assessed against four criteria (al—a4) pre-
scribed by RPA 2024 [34].

Criterion al — Symmetry of mass and stiffness distribution. As evidenced by the floor
plan shown in Figure II1.2, the building does not present a sensibly symmetric layout with respect to
either principal axis, neither in the distribution of masses nor in the distribution of lateral stiffness.
Criterion al is therefore not observed.

Criterion a2 — Eccentricity between the centre of mass and the centre of rigidity. Ac-
cording to Commentaire 5 of RPA 2024 [34], for a shear-wall bracing system to be considered regular

in plan, the structural eccentricities eq, and e, must satisfy simultaneously at every level:

eox <0.30r, and egy < 0.307,

ry > ryzls

The verification ratios derived from the torsional parameters computed in Table III.11 are summarized
in Table II1.12.

Table II1.12: Verification of plan regularity criterion a2 — eccentricity ratios per floor

Floor eox’i/0.30 Ix i e0y7i/0.30 Iyi ls,i/rx,i ls7i/ry7i
10 0.18 1.40 0.743 | 0.762
9 0.19 141 0.791 | 0.788
8 0.19 1.33 0.801 | 0.721
7 0.20 1.33 0.809 | 0.693
6 0.21 1.33 0.821 | 0.668
5 0.22 1.32 0.836 | 0.639
4 0.23 1.32 0.844 | 0.613
3 0.24 1.30 0.855 | 0.583
2 0.24 1.24 0.866 | 0.545
1 0.23 1.09 0.889 | 0.510

The ratio eqy,;/0.307,; exceeds unity at every floor level, meaning the condition egy, < 0.30ry

is never satisfied. Criterion a2 is therefore not observed.

Criterion a3 — Compactness of the floor plan. The principal plan dimensions of the build-
ing are:
L, =24.24 m, L,=1620m
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The aspect ratio satisfies:
L, 2424
025< ==

o 150<4
=L, 1620 =

The floor plan presents no significant re-entrant corners or projections exceeding 25% of the total
building dimension in either direction. Criterion a3 is therefore observed (see Figure II1.3).

L,=24.24m

[ L | |
=

| 1T

EEE)

L,=162m

Figure IIL.3: Floor plan dimensions used for criterion a3 verification

Criterion a4 — In-plane rigidity of floor diaphragms. The opening areas measured on

the structural drawings are:

Total floor area = 361.58 m?
Opening area (typical stories) = 18.64 m?

Opening area (terrace level) = 23.96 m’

The governing ratio is:

Opening area 23.96
Total area x 100 361.58 x 100 = 6.62% < 15%

Criterion a4 is therefore observed.

The plan regularity assessment is summarised in Table III.13.
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Table III.13: Summary of plan regularity criteria

Crit. Condition Status

al Sensible symmetry of mass and stiffness distribution Not Observed
a2 Eccentricity eg < 0.307 and r > [; at every floor Not Observed
a3 Aspect ratio Ly /L, < 4; no projections > 25% Observed
a4 Floor openings < 15% of total floor area Observed
Conclusion NOT Regular

Since criteria al and a2 are not satisfied, the building is classified as plan irregular accord-
ing to RPA 2024 [34].

Elevation Regularity The elevation regularity of the building is assessed against four criteria (b1-
b4) prescribed by RPA 2024 [34].

Criterion b1 — Continuity of vertical load-bearing elements. All shear walls are contin-
uous from the foundation to the roof without interruption. Criterion b1 is therefore observed.

Criterion b2 - Progressive variation of stiffness and mass. The normalized stiffness and
mass profiles along the building height are plotted in Figure II1.4. Both profiles decrease monotoni-

cally from the base to the top without abrupt discontinuities. Criterion b2 is therefore observed.

Criterion b3 — Mass-to-stiffness ratio between successive stories. The condition to be

satisfied at every pair of successive stories is:

(M/K);

MK | =P

0.75 < '

where M is the seismic mass of the given story and K is its lateral stiffness, estimated directly from

the numerical model as the ratio of the story shear force to its corresponding inter-story drift:

The computed mass-to-stiffness ratios are presented in Table I11.14.
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Figure I11.4: Normalized stiffness and mass profiles along the building height

Table III.14: Verification of elevation regularity criterion b3 — mass-to-stiffness ratios between suc-
cessive stories

Floor | M/K X M/KY Ratio X Ratio Y
10 1.30 1.21 1.65 1.78
9 0.79 0.68 1.25 1.36
8 0.63 0.50 1.21 1.35
7 0.52 0.37 1.16 1.28
6 0.45 0.29 1.12 1.26
5 0.40 0.23 1.14 1.35
4 0.35 0.17 1.25 1.42
3 0.28 0.12 1.47 1.71
2 0.19 0.07 1.73 1.75
Note: Values outside the interval [0.75, 1.25] indicate violation
of criterion b3. All story pairs exceed the 1.25 upper bound in at
least one direction.

The ratio exceeds the admissible upper bound of 1.25 in both directions at most floor levels.

Criterion b3 is therefore not observed.
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Criterion b4 — Setbacks in elevation. The building has no setbacks in elevation; all floors

share the same plan outline from the ground level to the rooftop. Criterion b4 is therefore observed.

The elevation regularity assessment is summarized in Table III.15.

Table III.15: Summary of elevation regularity criteria

Crit. Condition Status

bl Continuity of all vertical bracing elements to the foundation Observed
b2 Monotonic decrease of stiffness and mass from base to top Observed
b3 M /K ratio between successive stories within +25% Not Observed
b4 No abrupt setbacks; plan dimensions vary < 20% per story Observed
Conclusion NOT Regular

Since criterion b3 is not satisfied, the building is classified as elevation irregular according
to RPA 2024 [34].

Identification of the Lateral Force-Resisting System and Justification of the Behavior Coefficient
As shown in Fig. II1.2, lateral loads are resisted exclusively by the shear walls distributed throughout
the structure. To quantify this, the shear resistance provided by the walls is evaluated by comparing

the shear force at the base of the walls to the total base shear, as summarized in Table III.16.

Table II1.16: Shear force distribution: wall base vs. total base shear

Direction | Wall Base Shear (kN) | Total Base Shear (kN) | Percentage
X 9663.10 9663.10 100%
Y 12662.44 12662.44 100%

In both principal directions, the shear force resisted by the vertical structural walls reaches
100% of the total base shear, thus greatly exceeding the 65% threshold required by the RPA 2024
definition for a shear wall braced system. This confirms that the structure fully satisfies the criterion.

Furthermore, the absence of a core or core-like bracing system (“effet noyau”) is verified by
checking the conditions of equation (3.17) of RPA 2024 [34]. As demonstrated in Table III.12, the
ratios Is/ry and [;/ry are both less than unity, meaning that r, and ry are superior to /s (see Table III.11
also). This configuration does NOT satisfy the condition required for a core-type system, as equation
(3.17) requires both radii to be less than [ to qualify as an “effet noyau”. Therefore, the criteria are

not met, confirming that the structure does not behave as a core-braced system.
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Consequently, according to Table 4.3 of RPA 2024 [34], the bracing system of the present

building corresponds to system entry:

S Shear wall braced system |R = 4.50%)

3.5.4 Design Spectrum

Quality Factor It is defined as [34]:

i
Qf:H‘ZPq
q=1

where P, are penalty increments associated with the absence of specific lateral force-resisting system
quality measures defined in Category (b) weightings [34]. The relevant criteria and their assessment
are as follows:

* 1 - Observed plan irregularity (see Table III.13): P;; = 0.05.
* 2 — Observed elevation irregularity (see Table II1.15): P, = 0.20.

* (3 — Verified by inspection of the typical floor plan (Figure III.2): condition is satisfied, P;3 = 0.

The quality factor is therefore:

Qr=1+Y P,=140.05+0.20+0=[1.25]

Seismic Parameters and Design Spectrum The design spectrum S,;(7T') /g is constructed from the
seismic parameters determined for the site and the structure [34]. The adopted values are summarized
in Table IT1.17.

Table III.17: Seismic parameters adopted for the design spectrum

Parameter Symbol Value

Peak ground acceleration coefficient A 0.30 (Zone 1IV)
Site coefficient S 1.30 (Site S3)
Importance factor I 1.20 (Group 1B)
Behavior coefficient R 4.50 (Shear walls)
Quality factor Or 1.25

DAHEL Ihab 28 E.N.S.T.P



3 Structural Design and Sizing

The design spectrum is defined by the piecewise function [34]:

( 2 T Or 2
ALS|Z+ (252 _2)| o<T<T
_3+Tl< R 3)} sf<h
A-T-S 2.5& h<T<m
Sad R-
Pad (1) = o IE (IIL1)
g ARy
A-1-S|25=2L). |22 Th<T<T
- H y<T <T;
Ars|2sY -{Tz'zﬂ T <T <4s
\ R|'|'T

The resulting design spectrum is plotted in Figure IIL.5.

Saa/g = 0.323

0.10 +

0 L
T71=0.15 T5=0.60 T5=2.00 4
Periods T (s)

Figure II1.5: Design spectrum S,;(7T")/g according to RPA 2024

3.5.5 Seismic Base Shear Verification

According to §4.3.5 of RPA 2024 [34], the base shear obtained from the response spectrum analy-
sis must not be less than 80% of the base shear calculated using the equivalent static force method
(Eq. 4.1):

V=~24-: Sg%d(To) -W (IIL.2)
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Determination of the Fundamental Period The fundamental periods obtained from the modal
analysis (Table IIL.8) are:
Tox =0.849s, Ty, =0.643s

These values must be compared with the empirical period estimated from RPA 2024 formula:

Tempirical =Cr- (hN)3/4

where:

e Cr = 0.075 (coefficient for the shear wall bracing system)

* hy = 33.66m (total height of the structure from the base)

Tompirical = 0.075 - (33.66)%/* = 1.05s

According to RPA 2024, the numerical periods must not exceed the empirical period by more than
30%:
Tox = 0.849s < 1.3 Toppiricas = 1.365s  (OK)

Determination of the Parameters

Correction Factor A: Giventhat 7} =0.15s, 75 = 0.60s, and 75 = 2.00s (see Table I11.17),
and since Ty < 2 - T» and the building has more than two stories, A = 0.85.

Seismic Weight W: According to RPA 2024 [34], the seismic weight is calculated as:

n
W=Y W with W=Ws+¥ Wy
i=1

For Case 1 (Table 4.2 [34]), ¥ = 0.3. From the numerical model:

W =50370.856kN

Design Spectral Acceleration: Both Ty, and T, lie between T, and T3 (see Table 111.17

and Eq. III.1). Therefore, the design spectral acceleration is given by:

S, T
STy =A-1-S- (2.5x%>~—2
g R T
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This yields:

S
2ad Ty ) = 0.230

A oq

294 (T.y) = 0.303
g

Base Shear Verification The static base shear is calculated using Eq. I11.2:

S,
Vitatiex = A - ?d(To7x) -W =0.85x%0.230 x 50370.856 = 9837.72kN

Sa
Vitaticy = A - ?d(To7y) -W =0.85%x0.303 x 50370.856 = 12970.37kN

The 80% requirement (§4.3.5) gives the minimum allowable base shear from the response spectrum

analysis:

Vininx = 0.8 X Viraric x = 7870.18kN
Vininy = 0.8 X Viasicy = 10376.30kN

The base shear obtained from the response spectrum analysis (Table II1.16) is:

Viynx = 9663.10kN
Vigny = 12662.44kN

The verification is summarized in Table II1.18.

Table I11.18: Base shear verification summary

Direction | Vi (KN) | 0.8 X V4 (KN) | Vg, (KN) | Verification
X 9837.72 7870.18 9663.10 OK
Y 12970.37 10376.30 12662.44 OK

In both directions, the dynamic base shear exceeds the minimum required threshold, thus
satisfying the RPA 2024 §4.3.5 requirement.

3.5.6 Inter-story Drift Verification

In accordance with § 5.10 of RPA 2024 [34], two drift checks are required: a non-collapse check
(§ 5.10.1) and a damage limitation check (§ 5.10.2).
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Non-collapse verification (§ 5.10.1). The inelastic inter-story drift A, obtained from the elastic
displacement &, via (§ 4.5.2, Eqn. (4.15)):

R
& = @ ok (IIL.3)
Ap =6 — 6 (IT.4)
must satisfy the limit of Table 5.2 of [34]. For a BA¢timent en BA©ton ArmA©:
Ay < A =0.01501 (I11.5)

With A = 3040 mm, this gives Ay = 45.6 mm.

Damage limitation verification (§ 5.10.2, Eqn. (5.13)). For buildings with ductile non-structural
elements, the reduced drift must satisfy:

Va - A < 0.0075 by (I1L.6)

where v4 = 0.5 is the importance-reduction coefficient (§ 1.2). With 4; = 3040 mm, the allowable
reduced drift is 0.0075 x 3040 = 22.8 mm. The structure is analyzed with R = 4.5 and Qr = 1.25.
The verification results for both principal directions are summarized in Tables 111.19 and I11.20.

Table II1.19: Elastic and inelastic floor displacements (R = 4.5, Qr = 1.25)

Floor Elastic Displacement (mm) Inelastic Displacement (mm)
6x,ek 5y,ek Sx,k ay,k

10 62.889 54.386 226.400 195.790
9 57.874 47.660 208.346 171.576
8 52.555 40.865 189.198 147.114
7 45.843 33.944 165.035 122.198
6 38.570 27.051 138.852 97.384
5 30.927 20.402 111.337 73.447
4 22.979 14.246 82.724 51.286
3 15.359 8.811 55.292 31.720
2 8.410 4.389 30.276 15.800
1 2.851 1.314 10.264 4.730
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Table II1.20: Inter-story drift verification

Floor Inter-story Drift A; (mm) Reduced Drift v4A; (mm)
Avk Ay k VaAx k VAA) &

10 19.523 24.217 9.761 12.109

9 20.383 24.484 10.192 12.242

8 24.358 24.779 12.179 12.389

7 26.204 24.628 13.102 12.314

6 27.767 23.695 13.883 11.848

5 28.235 22.021 14.117 11.011

4 27.353 19.444 13.676 9.722

3 24.750 15.815 12.375 7.907

2 19.753 11.005 9.877 5.503

1 10.109 4.752 5.054 2.376
Note: All inelastic drifts Ay remain below Ay = 45.6 mm (non-collapse, Table 5.2), and all reduced drifts v4A; remain
below 22.8 mm (damage limitation, Eqn. (5.13)) at every level and in both directions, satisfying § 5.10.1 and § 5.10.2
of [34].

3.5.7 P-A Effect Verification

Per § 5.9 of RPA 2024 [34], second-order (P-A) effects may be neglected at all levels of a building
provided the inter-story stability index 6y, defined as:

B A
Vil

6 <0.10 (I11.7)

is satisfied at every level. When 0.10 < 6, < 0.20, P-A effects can no longer be neglected and all seis-

mic action effects obtained from a first-order elastic analysis must be amplified by the factor o
— Ok
Beyond that, any level for which 6; > 0.20 renders the structure potentially unstable, necessitating a

complete redesign.

The total gravity load Py acting above level k combines the permanent and live loads of all

floors from level k to the roof: .
Pe=Y (Git+y-Qi) (IIL8)

i=k

where G; and Q; are respectively the characteristic permanent and live loads at level i, and y is the
load combination coefficient. The story shear V;, = Y7, F; represents the cumulative lateral seismic
force above level k, decreasing from base to roof, while Ay, is the inelastic inter-story drift already es-
tablished in Eqn. (III.4). The stability index 6 is evaluated independently in both principal directions
x and y. The required input quantities and resulting 6; values are reported in Tables I11.21 and II1.22.
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Table III.21: Cumulative gravity loads and story shears for P-A verification

Floor | Gravity Load P, (kN) Story Shear (kN)
Vik Wik
10 5400.019 2024.207 2878.402
9 10018.592 3568.204 5029.640
8 14 981.607 4924.610 6877.038
7 19965.954 6053.338 8388.352
6 24 986.836 7011.085 9647.127
5 30063.640 7844.625 10688.228
4 35140.444 8550.291 11513.362
3 40217.248 9106.460 12128.134
2 45294.052 9486.133 12514.447
1 50370.856 9663.103 12662.439

Table I11.22: P-A stability index verification

Floor | Inter-story Drift A; (mm) Stability Index 6; (%)

Ax,k Ay,k Gx,k 6y,k
10 19.523 24.217 1.71 1.49
9 20.383 24.484 1.88 1.60
8 24.358 24.779 2.44 1.78
7 26.204 24.628 2.84 1.93
6 27.767 23.695 3.26 2.02
5 28.235 22.021 3.56 2.04
4 27.353 19.444 3.70 1.95
3 24.750 15.815 3.60 1.73
2 19.753 11.005 3.10 1.31
1 10.109 4.752 1.73 0.62

Note: All stability indices satisfy 6; < 0.10 (10%) in both directions at every
level; P-A effects are therefore negligible and no amplification factor is required

per § 5.9 of [34].
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3 Structural Design and Sizing

3.6 Structural Element Design
3.6.1 Load Combinations

In accordance with the limit state design philosophy adopted by RPA 2024 [34], seismic action is
treated as an accidental action owing to its brief duration. The seismic action is characterised by
three simultaneously acting components: two horizontal components, E, and E), acting along two
orthogonal directions in the plane of the structure, and one vertical component, E,, acting along the

vertical axis of the structure.

Ultimate Limit State (ULS) and Serviceability Limit State (SLS). The conventional static load
combinations are defined in accordance with CBA 93 [¢ba93] and BAEL 91/99 [bael91]:

ULS: 135G+1.50 (I11.9)
SLS: G+Q (IIL.10)

Seismic Combinations. The horizontal components of the seismic action are assumed independent
but represented by the same response spectrum. Seismic actions are combined with permanent and
variable actions through the following expressions (§ 5.2 of RPA 2024 [34]):

{G+WQ+E1 (IL11)

G+vyvO+E

where G denotes the characteristic permanent loads, Q the characteristic variable loads (unweighted),
and y = 0.4 the load combination coefficient for residential occupancy (Table 4.2 of RPA 2024 [34]).

The directional combination of horizontal components is:

{El =+E,+0.3E, o

Ey = +03E, +E,

The sign of each component is taken as the most unfavourable for the effect under consideration. For
the seismic combinations, the material safety coefficients are reduced to 9, = 1.15 for concrete and
¥ = 1.0 for steel, reflecting the accidental nature of the seismic action. The design combinations

applied to each structural element are summarised in Table III1.23.
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3 Structural Design and Sizing

Table II1.23: Design load combinations used for structural element sizing.

Combination Expression Application
ULS (gravity) 1.35G+1.5Q Midspan moments; slabs
SLS G+Q Deflection & stress checks

Seismic comb. 1 | G+0.3Q+ (£E,+0.3E,) | Support moments; shear walls
Seismic comb. 2 | G+0.3Q+ (+0.3E,£E,) | Support moments; shear walls

3.6.2 Slab Design — Critical Panel (/, x I, = 5.09 x 7.57 m, e = 20 cm)

The critical slab panel selected for design is the largest panel on the typical floor, with clear dimen-
sions Iy x [y, = 5.09m x 7.57m and a thickness e = 20 cm. The panel position within the structural
plan is indicated in Figure II1.6.

Figure II1.6: Floor plan showing the location of the critical slab panel.

The design follows the lump-sum moment method (mA®thode forfaitaire) of BAEL 91/99,
applicable to uniformly distributed loads. The cross-section is designed in simple bending for a
b = 1000 mm wide strip.

Panel Classification. ’ 5.0
N )

—=—=0.673 1I1.13
L, 757 ( )

Since 0.4 < ¢ = 0.673 < 1, the panel acts as a two-way slab, carrying loads in both principal direc-
tions.
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Design Loads. The self-weight of the 20 cm slab is 0.20 x 25 = 5.00 kN/m?. Together with the
superimposed dead load, the total permanent load is G = 5.00 +2.70 = 7.70 kN/m?, and the live load
is O = 1.50 kN/m?. The design intensities are summarised in Table II1.24:

Bending Coefficients.

P,=135G+1.50=135%x7.704+1.5 x 1.50 = 12.64kN/m>
Pyer = G+ Q0 =7.70+1.50 = 9.20kN/m?

(I11.14)
(I11.15)

Table I11.24: Design loads for the critical slab panel.

G (kN/m?)

0 (kKN/m?)

P, (kN/m?)

Pyer (RN/m?)

7.70

1.50

12.64

9.20

The coefficients u, and u, are extracted from the BAEL 91/99 tables as

a function of «, using v = 0 for stress resultants and v = 0.2 for deformation checks. By linear

interpolation at @ = 0.673 (see Table 111.25):

Table II1.25: BAEL 91/99 bending coefficients for the critical slab panel.

State o Uy My
ULS(v=0) | 0.673 | 0.0607 | 0.0341
SLS(v=0.2) | 0.673 | 0.0677 | 0.0618

Isostatic and Design Moments. The isostatic moments are obtained from My = u - P- 2. Continuity

with adjacent panels is accounted for by the BAEL 91/99 forfaitaire coefficients: 0.75 M at midspan
and 0.50 My at supports, as detailed in Table I11.26.

Table II1.26: Design moments for the critical slab panel (isostatic: M, = 19.89 kN-m, M(L)‘y =

11.17 kKN-m).
Position | Coeff. | Direction | M* (kN-m) | M*¢" (KN-m)
Midspan | 0.75 X 14.92 12.11
Midspan | 0.75 y 8.38 11.06
Support 0.50 x&y 9.95 8.07
Shear Forces.
Py-L-ly  12.64x5.09 x7.57
V, = = =24.07kN/ I1.16
M D+l 2% 7.57+5.09 " (116
P,-1 12.64 x 5.09
Vinay =~ = X2 1.44KN/m (IL.17)
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3 Structural Design and Sizing

Reinforcement Design (ULS - Pure Bending). Section geometry: b = 1000 mm, & = 200 mm,
d = 180 mm (cover ¢’ =20 mm), f;, = 0.85 x 30/1.5 = 17.0 MPa, o, = 500/1.15 = 435 MPa
(Table II1.27).

Table I11.27: ULS reinforcement for the critical slab panel (b = 1000 mm, 2 =200 mm, d = 180 mm,;
moments in kKN-m, areas in cm%/m).

Position | Dir. | M, Uy o z (mm) | A .4 (cm?/m) Ag prov

Midspan | x 14.92 | 0.027 | 0.034 | 177.5 1.93 508 =2.51
Midspan | y 8.38 | 0.015 | 0.019 | 178.6 1.08 508 =2.51
Support | x&y | 9.95 | 0.018 | 0.023 | 178.4 1.28 508 =2.51

Minimum Reinforcement and Bar Diameter. Per BAEL 91/99 with f, = 500 MPa:

Aymin =6hx 1073 -b=6x0.20 x 10~ x 1000 = 1.20cm?/m (IIL.18)
3 3-0.673
Ax,min = TaAy,min = T x 1.20 = 1.400m2/m (1I1.19)

All provided areas (A; = 2.51 cm?/m) satisfy both minima. The bar diameter is limited to @ < /10 =
20 mm; adopted @ = 8 mm.

Bar Spacing. For lightly cracked members (BAEL 91/99, Art. A.7.2.4.2):

Six <min(3h;33cm) =33cm = S =20cm (II1.20)
Siy < min(4h;45cm) =45cm = S, =20cm (II1.21)

Shear Verification (BAEL 91/99, Art. A.5.2.2).

Viax ~ 24.07 x 103 ) . (0.15 fr8
T, = = =0.134MPa < 7, = — 2. AMPa | =3.0MPa v (IIL.22
“= pd 1000 x 180 4= mm( % : @ i)

Transverse reinforcement is not required.

SLS Stress Verification. Neutral axis depth from cracked-section equilibrium (A}, = 0, n = 15,
Ay =2.51cm?/m):

b
Exg —NAg(d—x0) =0 = xp =33.3mm (I11.23)
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b 3
I= % +NA(d —x0)> =9.33x 10 5 m* (II1.24)
MF, -xg  12.11x 1073 x 0.0333
= Zser D —4.32MPa < 0.6 f.o3 = 18MP I11.25
Obe I 9.33 % 105 a < 0.6/ a v (2

The adopted reinforcement layout is shown in Figure IIL.7.

Figure II1.7: Adopted reinforcement cross-section for the critical slab panel (508/m in both directions,
e =20 cm).

3.6.3 Beam Design — Critical Beam (b x 1 = 30 x 45 cm?, Story 7, Axis Y / Axis A)

The beam selected for design is identified as the most critically loaded element in the Y-direction,
located at Story 7 along structural axis A (see Figure ITL.8). Its cross-section is b x & = 30 x 45 cm?.
Internal forces were extracted from the ETABS model for each governing combination, and the rein-
forcement areas were determined using the BealR software by SOCOTEC (rectangular RC sections
in simple or combined bending per BAEL 91 [bael91]).

EE
)

Figure IIL.8: Floor plan showing the location of the critical beam highlighted with yellow (Story 7,
axis A see figure I11.2 for the full floor plan).
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Critical Zone Length (Ductility Requirements). Per Article 7.5.2 of RPA 2024 [34], the critical

length at each beam-column interface is:

ler=15h=15%x45=67.5cm (IL.26)

Specific detailing rules apply within this zone and in the current zone beyond it.

Governing Solicitations. Two distinct combination types control the design at each critical cross-
section. The ULS gravity combination (1.35G + 1.5Q) governs the sagging midspan moment, whereas
the seismic combinations (G + 0.3Q + E;), with reduced material coefficients (y, = 1.15, 7, = 1.0),
govern the support moments in both hogging and sagging senses. The governing solicitations are

summarised in Table I11.28.

Table I11.28: Governing solicitations for the critical beam (30 x 45 cm?, Story 7, Axis Y/A).

Section M, (KN-m) | Governing combination V.. (KN)
At support — hogging (top) —402.4 Seismic: G+ 0.30 + E; —171.68
At support — sagging (bot.) +340.0 Seismic: G+ 0.30 + E; +110.18
At midspan — sagging (bot.) +39.27 | ULS: 1.35G +1.50 +62.88
ULS support (gravity only): M~ = —74.32 kN-m.  SLS: M, = —54.37 kN-m, M;;.d = +444.72 kN-m.

Longitudinal Reinforcement — BealR Results. The required steel areas computed by BealR are
reported in Table I11.29. Note that BealR applies the reduced seismic material coefficients (, = 1.15,
¥ = 1.0) automatically for the seismic combinations and standard coefficients (Y, = 1.5, ¥, = 1.15)

for the ULS gravity case.

Table II1.29: BealR (SOCOTEC) results for longitudinal reinforcement per loading case (b = 0.3 m,
h=0.45m, ¢ =0.04 m).

Section M, (kN-m) | A2 (em?) | A™ (em?) | yo (m)
Midspan (ULS gravity) +39.27 0 2.26 0.02
Support (seismic, hogging) —402.4 259 0.14 0.24
Support (seismic, sagging) +340.0 0 20.58 0.19

RPA 2024 Reinforcement Limits and Adopted Bars.

The governing area at each face is obtained

by taking the maximum over all loading cases. Per Article 7.5.2 of RPA 2024 [34]:

e Minimum total ratio: AR"A —=0.5%

s,min

* Maximum ratio (current zone): A; ., = 4% bh = 54.0 cm?.

bh = 0.005 x 300 x 450 = 6.75 cm? (on any section).
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* Maximum ratio (lap zones): Ay ,,,,x = 6% bh = 81.0 cm?.

* At least two 012 bars are required continuously on both top and bottom faces along the full

beam length.

* A minimum of one quarter of the maximum support top-steel area (A, > A s, /4) is extended

over the full span.

Governing areas at each face, applied minima, and adopted bars are presented in Table I11.30.

Table II1.30: Governing areas, minima, and adopted longitudinal reinforcement for the critical beam
(30 x 45 cm?, Story 7, Axis Y/A).

Section (face) A gov (em?) | ARTA (em?) | A, gosign (cm?) | Bars adopted | Aj oy (cm?)
Support — top 25.90 6.75 25.90 4HA25 + 4HA16 27.91
Support — bottom 20.58 6.75 20.58 4HA25 + 4HA16 27.91
Midspan — bottom 2.26 6.75 6.75 4HA16 8.04

Transverse Reinforcement.

Table II1.31. The stirrup diameter is bounded by (BAEL 91/99 and RPA 2024):

h
0, < min(

35 10

b

The minimum area at spacing s; is (RPA 2024, Art. 7.5.2): A; > 0.003 s; b.

The selected transverse reinforcement configuration is summarized in

; (Dl> =min(12.9mm; 30mm; @;) = adopted: @; = 10mm (II1.27)

Table II1.31: Transverse reinforcement for the critical beam (30 x 45 cm?).

Zone Spacing rule sy (em) | Af in (cm?) | Bars adopted
h
Critical min (Z’ 240,; 175 mm; 601) 7 0.63 2 cadres 010
(nodal) (3.14 cm?)
h
Current zone 5= 22.5cm 15 1.35 2 cadres 010
(3.14 cm?)

Shear Verification (BAEL 91/99).

The governing shear is taken from the seismic combination:

V, = 171.68 kN.
V., 171.68x 103 _ . (0.15 fe28
_ Yu LS XAOT oMPa < 2, = min( 2272 4MPa ) =3.0MPa v (IIL28
=34~ T300x410 = mm( % . ‘ (1H1.28)
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SLS Stress Verification. The SLS bending moments are M, = 54.37 kN-m at the support and
M, =44.72 kN-m at midspan (Table II1.28). The admissible concrete and steel stresses per BAEL 91/99

ser

are:
be = 0.6 fr03 = 18MPa, =min(3f£,; 110,/7 f;;) = min(333; 215.7) = 215.7MPa (II1.29)

where f;; = 0.6 +0.06 f.og3 = 2.4 MPa and 1) = 1.6 (HA bars).

At the support (AP = 25.9 cm?, Abot = 20.58 cm?, doubly reinforced, d = 410 mm, d’' = 40 mm,
n =15):

Neutral axis depth from cracked-section equilibrium:

b
Exg +nAY (xg —d') —nA°P(d —x9) =0 = x9 = 104.7mm (I11.30)
bxg’) bot N2 top 2 -3 _4
= =2 414" (x0—d')* + AT (d = x0)* = 3.858 x 10" m (I11.31)
Mg, -xo 54.37x 1073 x0.1047
= —ser 70— —1.48MPa < 18MPa Vv 111.32
Obe =] 3.858 x 103 “ = y (-52)
nM,,-(d—xy) 15x54.37 x 1073 x 0.3053
= - . < . .
o5 = ; 3 858 103 64.6MPa < 215.7MPa v (IIL.33)

At midspan (A2 = 6.75 cm?, singly reinforced, d = 410 mm):

5xo nAY (d —xp) =0 = xp = 52.3mm (I11.34)
b 3
1= % AP (d — x0)? = 1310 x 1073 m* (I11.35)
M, -xg 44.72x 1073 x 0.0523
r 2= —1.78MPa < 18MPa v 111.36
Obe =T 1310 x 103 “= 4 (L.36)
nMy, - (d—xo) _ 15x44.72 x 1073 x 0.3577
= 183.2MPa < 215.7MP 11137
o= I 1310% 103 83.2MPa < 213 7MPa v (TL37)

Both sections satisfy the SLS stress conditions; no adjustment to the adopted reinforcement

is required.
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The adopted reinforcement cross-sections for the beam at support and at midspan are illus-
trated in Figure II1.9.

(b)

&8 8 8 &le o) d

Figure II1.9: Reinforcement detailing for the critical beam (30 x 45 cm?). The support section is
heavily reinforced with 4HA25 + 4HA16 at both the top and bottom. At midspan, the primary bottom
reinforcement consists of 4HA16. Transverse reinforcement comprises 2 010 stirrups (cadres).

3.6.4 Shear Wall Design Example

For the purpose of this design example, three identical shear walls that experience nearly equal mo-
ments, shear, and axial forces were selected. The dimensions of these shear walls are /,, = 2350 mm
and b,, = 300 mm. The selected shear walls are highlighted in the layout below (Figure III.10).

The maximum forces at the base of the three shear walls are summarized in Table I11.32.

Table II1.32: Maximum forces at the base of the selected shear walls.

Pier Max Abs M5 (kN-m) | Max Abs V> (kN) | Max Abs P (kN)
PY11_Lw235 3,258.87 404.33 4,571.51
PY13_L.w235 3,401.36 414.23 4,646.95
PY9_Lw235 3,853.27 474.36 4,705.37
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[ - : [ 1

PY9 |llw235 PY11 Lw235 PY13|Lw235

Figure II1.10: Selected shear walls for design (highlighted in yellow).

As shown in the table, PY9_Lw235 (the far-left shear wall) is the most heavily loaded. This
is expected, given its location furthest from the central concrete core. Therefore, the design forces
from PY9 will be used to size all three of these shear walls conservatively.

In accordance with the RPA (RA"gles Parasismiques AlgA©riennes), the design will be

governed by the moment and shear envelopes, which will be introduced later in this section.

Geometric Constraints Verification. According to the RPA requirements for shear wall dimen-

sions: N
Ly > max(?e; 4b,,; 1 m) (II1.38)
[, =2350 mm > 1200 mm Verified. (I1I1.39)
he .
b, =30 cm > max| 15 cm; 2 Verified. (11I1.40)

Reduced Axial Load Verification. The reduced axial load is verified to ensure it remains below the
required limit:
Ny 4705.4

= Exfm ~ B5X 030X 0.22 < 0.4 Verified. (IIL.41)

Va

To determine whether the moment and shear envelopes must be used to size these shear

walls, we evaluate the slenderness ratio h,,/l,,. A ratio greater than 2 indicates a slender shear wall
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(“voile A©lancA©”), which mandates the use of design envelopes.

=

w  30.6

e 990 1200 11142
L, 235 > (I1.42)

Thus, the design envelopes are required. The forces envelopes are shown in Figure III.11 and will be
used for sizing according to the RPA.

30.6 1 o1 — V (analysis) i . — M (analysis)
\4I -- 14V AN \ == Linear env.
\ — Design Shear Env. AN \ — - Shifted env. (h¢r)
I\ 3
27.5 !

24.54

21.44
184
)
=)
2 hw
5 153 30.6 m
>
2
m

N
)

9.2 1

6.1

he 317
4.7m

0.0

200 400 600 1500 3000
V (kN) M (kN-m)

Figure III.11: Design forces envelopes used for shear wall sizing according to RPA.

Next, we determine the critical height (4.,), which empirically encompasses the region sus-
ceptible to plastic hinge formation.

h
her = max <lw; %) =max(2.35; 5.10) =5.10 m (I11.43)
Additionally, the critical height must satisfy:

21,
hep < (111.44)
2h, forn > 6 stories

her =5.10 m < min(2 x 2.35; 2 x 3.05) (I11.45)
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Since 5.10 m > 4.70 m, we adopt h. = 4.7 m.

Confined Boundary Elements: Geometric Conditions. The minimum length of the confined

boundary element (/) is given by:
I. > max(0.151, ; 1.5by,) (I11.46)

I > max(0.15 x 235 ; 1.5 x 30) = max(35.25 ; 45) =45 cm (IIL.47)

An initial design considered /. = 45 cm. However, a subsequent local ductility check re-
vealed that the calculated compressed length was /. cajcutated = 71.29 cm > [.. This indicated that the
chosen boundary zone was insufficient to contain the plastic hinge region. Therefore, we adopt a
larger boundary element length:

le=T5cm (111.48)

With a concrete cover of 2.5 cm on each side, the confined core dimensions are:

lo=1—2x25=70cm by=b,—2x25=25cm (111.49)

Since I, =75 cm > max(2b,,; 0.21,,) = max(60; 47) = 60 cm, the thickness of the boundary

element must satisfy:

h
b, > % with a strict minimum of 200 mm (II1.50)

We choose b, = 0.3 m, as illustrated in Figure III.12.

r— T —» — v —=% —1 » r— T —» — v —® —1
oo o
(S5} =
% P ° ° 4 L 3 ﬁ F ° ° 4
Lo | 4 J
e _e ___e___ o ___ » e _e __e___ & ___
w-=700.00 w-=700.00

w = 2,350.00

Figure II1.12: Shear wall cross-section illustrating the confined zones.
The minimum longitudinal steel area required by the RPA in the confined boundary zones is:
Ag min = 0.5% x (b x 1) (I1L.51)

Ag.min > 0.5% x (30 x 75) = 11.25 cm? (I11.52)
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Through combined axial and bending calculations using CSICOL, we determined that an
arrangement of 14HA12 per boundary zone (15.83 cm? > Ag min = 11.25 cmz)—yielding a total of
28HA12 for both confined zones—along with 10HAS in the web (5 per face), produces the interaction

results presented in Figure I11.13:

15000

10000

Load, P (kN)

5000

Combination 1 - Top g

i M=0.00, P=0.00

0 1000 2000 3000 4000
Moment, M (kN-m)
Figure II1.13: CSICOL interaction curve and capacity results for the selected reinforcement.
This is a satisfactory design with a maximum capacity ratio of 0.90.

The design shear force is evaluated as V = 1.4V, according to the RPA 2024:

V =1.4x474.36 = 664.10 kN (II1.53)

Stirrup Configuration in the Confined Boundary Elements. The RPA 2024 mandates that the
horizontal distance between two consecutively tied vertical bars must not exceed 20 ¢cm, and all ties

must be closed stirrups.

The 14 HA12 bars in each boundary zone are arranged as follows:

* 6 bars on the top face and 6 bars on the bottom face, with a center-to-center spacing of:

I 70
Shars = — 2 = — = l4cm (111.54)
n—1 5

* 1 bar at mid-height on the far-left side (x = 0)
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* 1 bar at mid-height on the far-right side (x = 70 cm)

The adopted transverse reinforcement layout consists of 3 closed hoops per layer: one outer

rectangular hoop and two internal hexagonal hoops, as detailed in Figure I11.14.

14 70
18
6} @ €} @
) s} e @
D (o) e} o) e}
AN N A A A
| | | | |
HA12

Figure I1I.14: Confined boundary zone horizontal and vertical reinforcement details.

This arrangement places every vertical bar at a hoop corner, restricting the maximum distance

between consecutively tied bars to exactly s = 14 cm < 20 cm. Verified.

The total length of transverse steel per layer is calculated as follows:
* QOuter rectangular hoop enclosing the full 70 x 25 cm core:
Liect =2 % (70+25)+2 x 7 =204 cm (II1.55)

* Two hexagonal hoops, each with two flat sides of 14 cm, four slanted sides of 18 cm, and two

anchorage hooks of 7 cm:

Lhpex =2x14+4x18+2x7=114cm (II1.56)

* Total length per layer:

L=1Lrect +2 X Lpex =20442 x 114 =432 cm (IL.57)

The vertical spacing of the stirrups must satisfy:

b
s, < min (?0 12.5 cm; 6q>,) (IIL.58)
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Where:
* by =25 cm is the width of the confined core

* ¢; = 12 mm is the minimum diameter of the longitudinal steel in the confined zone

2
s < min(?; 12.5; 6 x 1.2) cm (I1I1.59)

s <7.2cm (111.60)

We adopt a vertical spacing of s; =7 cm.

The transverse steel area in the confined boundary elements must satisfy:

A; > 0.09 x 5, X by X fezs (IIL61)
Je
A
A; > 0.3 x5, X by % (A—g - 1> x f]cfg (11L.62)

Given Ag = b x I = 30 x 75 = 2250 cm? and A, = by x [y = 25 x 70 = 1750 cm?, the ratio
is Ag/A. = 1.286.

0.09 x 7 x 25 x 30 =0.95 cm?

A, > max 500 20 (IIL63)
Yo 2
0.3 x7 %25 x 0.286 x <00 0.90 cm
A, > 0.95 cm? (I11.64)

The outer rectangular hoop provides 2 legs crossing the failure plane, and each hexagonal hoop pro-
vides 2 legs, resulting in a total of 6 legs of HAS:

A, =6x0.503 =3.02cm? > 0.95cm?> Vv (I11.65)

Web Reinforcement — Vertical. The vertical web reinforcement diameter limits according to the

RPA 2024 are:
by,

8 mm < @y < < (111.66)

We select ¢ = 8 mm.
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The maximum allowed spacing is:

sy < min(1.5b,,; 250 mm; 25@ay)

sy <200 mm
We adopt a spacing of s, = 15 cm.
The length of the web is:

lweb =1Ly —2x 1. =235-2x75=85cm

With s, = 15 cm, we accommodate 5 vertical bars per face (10HAS total) in the web:

Ay =10x0.503 = 5.03 cm?
The minimum required vertical reinforcement ratio in the web is 0.2%:
Ay min = 0.2% x 5, X by, =0.2% x 15x30=0.9 cm?

5.03cm?>09cm? Vv

Shear Stress Verification.

v 664.10
“bpxd 0.25x(0.9x2.35)

T =1.25MPa<0.2f5=6MPa v

111.67)
(111.68)

(I11.69)

(IIL.70)

{IL.71)

(IIL.72)

(111.73)

Web Reinforcement — Horizontal. To resist the shear forces applied to the pier, the horizontal web

reinforcement must satisfy the RPA 2024 requirement:

B )
A,V (I11.74)
Sh X fe

4, > <V (IIL.75)

"t '

Using z = 120 cm, 55, = 20 cm, and V = 664.10 kN:
0.20 x 664.10 5

> 2P T ) .
h> g0 = 22lem (111.76)
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The minimum required horizontal reinforcement ratio in the web is 0.2%:

Apmin = 0.2% X s, X by, = 0.2% x 20 x 30 = 1.2 cm? {IL77)

We select 2HA12 at every 20 cm spacing, providing:

Ap=2x1.131=226cm?>221cm?> Vv (II1.78)

Local Ductility Condition Justification. For shear walls with a rectangular cross-section, the me-
chanical volumetric ratio of required confinement reinforcement (,,;) in the boundary elements must

exceed 0.12 and satisfy:

b
®wa > 30Uy X (Vaty) X Ssmb—c —0.035 (I11.79)
0
Where:
Volume of confinement reinforcement fyq
wd= - (I11.80)
Volume of the concrete core fed
Given:
Jya fe Y 500 x 1.2 fe 500 _3
= = = =20 Eyd = = = =2.5x%x10 I111.81
Jea  fes v 30x1 4 EC T 200000 % (IIL81)
Volume of Confinement Reinforcement (V;):
_ 9
Vs=LXxX |7 v X Np, (I11.82)

Where ¢, = 8 mm (HAS stirrups) and the previously computed length L = 432 cm. N, represents the
number of stirrup layers along the critical height A, :

her—10 47010

Ny, = 65 (I11.83)
St 7
0.82 3
Vi=432x | - e X 65 =432x%x0.503 x 65 =14,124 cm (I11.84)
Volume of the Confined Concrete Core (V,):
Ve =hepr X by X o =470 x 25 x 70 = 822,500 cm’ (I11.85)
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Mechanical Volumetric Ratio:

Vi fu 14,124
wd= 5 X 77— =
V.  fa 822,500

x20=0.343>0.12 vV (IIL.86)

Normalized Ratio of Vertical Web Reinforcement (,):

B Agy . 5.03
" (ly—2x1.)-b, 85x30

=0.00197 (IIL.87)

Confinement Effectiveness Factor (x):

e x()
= \6bo ho (111.88)
o= (1) (1)

With the adopted stirrup layout, all 14 bars are situated at hoop corners. The free lengths b; between

consecutively tied bars are:

* Along the top and bottom faces (6 bars, resulting in 5 gaps of 14 cm on each face): 10 x b; =
14 cm

* Along each side face (a mid-height bar divides the 25 cm height into two equal segments):
4xb;=12.5cm

Y b7 =10 x 14% +4 x 12.5> = 1960 + 625 = 2585 cm” (111.89)
n

Using by = 25 cm and hy = 70 cm:

2585 2585

Ohn 6% 25 x 70 10500 ~ 07 (TTL.50)
7 7
=11- l—— ] =0. 95 =0.81 II1.91
Ol ( 2><25>( 2><70> 0.86 x0.95=0.817 (II1.91)
a=o, 0, =0.754 x0.817 =0.616 (II1.92)
Curvature Ductility Factor (iy):
2-(%-%—%)—1 T > T
1y = (I1.93)

1+2'[<£'%—ﬁ)—1]‘% i Ty < T
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We have R =4.5, O = 1.25, Ty = 0.85 s, and T, = 0.6 s. Since Typ > T5:

The capacity ratio Mg, /Mg, obtained from CSICOL is 0.90.

4.5
My =2 X (E ><O.90) —1=2x324—-1=5.48 (111.94)

Neutral Axis Depth (x,):

Ly-b 235 x 30
2= (Varty) - == = (0.2240.00197) x % —=0.22197x282 =62.60 cm  (II1.95)

0

Ultimate Confined Compressive Strain (&., ):

Ecu,e = 0.003540.1- -,y = 0.0035+0.1 x 0.616 x 0.343 = 0.02463 (111.96)

Calculated Compressed Length of Boundary Elements (/. caiculated):

£
lc,calculated =Xu- (1 - i) (II1.97)
Ecu,c
0.0035
=62. 1-— =62. . = 53. II1.
62.60 x ( 0.02463) 62.60 x 0.8579 = 53.70 cm (1I1.98)
I caleulated = 53.70 cm > max(0.1517,,; 1.5b,,) = max(35.25; 45) =45cm Vv (II1.99)

Furthermore, /. caiculated = 53.70 cm < [ = 75 cm, which confirms that the chosen boundary
element length fully contains the compressed region. Verified.

Final Local Ductility Check:

b
g > 30Ug X (Vgty) X sw,b—c —0.035 (I11.100)
0
30
0.616 x 0.343 > 30 x 5.48 x (0.2240.00197) x 2.5 x 10~ x 25 —0.035 (111.101)
0.211 >0.110—0.035 (111.102)
0.211>0.075 v (I11.103)

With all local ductility constraints and stress conditions fully verified, the adopted longitudinal and
transverse reinforcement layout ensures that the shear walls can sustain significant inelastic deforma-

tions without sudden strength degradation. This robust detailing satisfies the stringent confinement
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requirements of the RPA 2024, concluding the structural sizing and establishing a resilient baseline

model for the subsequent structural health monitoring investigations.
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4 SENSOR NETWORK AND FEATURE EXTRACTION

This chapter details the methodology for instrumenting the structure and extracting damage-sensitive
features. First, the optimal number and placement of sensors are determined through a Genetic Al-
gorithm (GA) guided by modal information (Section 4.1). The resulting sensor layout is presented
(Section 4.2), followed by the identification of the critical structural zones where damage is physically
most consequential (Section 4.3). The chapter then describes how structural degradation is numeri-
cally simulated within the finite element model (Section 4.4) and concludes with the construction of
the flexibility-based damage indicator that serves as the input feature vector for the machine learning
model (Section 4.5).

4.1 Sensor Number and Placement Optimization (SNPO)
4.1.1 Problem Statement

A key challenge in vibration-based Structural Health Monitoring (SHM) is determining where and
how many sensors to deploy on a structure. An excessive number of sensors increases cost and
data-processing complexity, while too few sensors may fail to capture the modal behaviour needed
for damage detection. The Sensor Number and Placement Optimization (SNPO) problem seeks the

minimal set of sensor locations that preserves the ability to distinguish the structure’s mode shapes.

4.1.2 Modal Assurance Criterion (MAC)

The distinguishability of mode shapes at a given sensor configuration is quantified through the Modal
Assurance Criterion (MAC). For two mode shape vectors ¢; and ¢ ;, the MAC is defined as:

2
MAC;; = 10, ‘ (IV.1)
(976:) (97 0,)

where MAC;; € [0,1]. A value of 1 indicates identical mode shapes, while a value close to 0 indicates
that the two modes are linearly independent. An ideal sensor configuration produces a MAC matrix
that is close to the identity matrix, meaning diagonal entries are equal to 1 and all off-diagonal entries

are close to 0.
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4.1.3 Genetic Algorithm Formulation

The SNPO is inherently a combinatorial optimisation problem. From a pool of N.,,q candidate sensor
locations distributed across the structure, the algorithm must select an optimal subset. A Genetic
Algorithm (GA) is employed because of its ability to efficiently explore large, discrete search spaces

without requiring gradient information.

Chromosome encoding. Each individual solution in the GA population is represented as a fixed-
length integer vector of size N¢,nq. Each gene contains either the index of a selected candidate sensor
or the value —1 to indicate an inactive or unused sensor slot. This encoding allows the GA to simul-

taneously optimise both the number and the placement of sensors.

Fitness function. The fitness function evaluates how well a candidate sensor configuration distin-

guishes the first n,, mode shapes of the structure. Given a candidate solution with n; active sensors, the

X3 Xng

mode shape tensor ® € R" (containing translational displacements in three degrees of freedom)

is reshaped to ®g, € R™ >3 and the MAC matrix is computed. The fitness is defined as:

1 1
— . (IV.2)
f 1 + ny / Neand

The first factor rewards configurations that minimise off-diagonal MAC values, which leads to better
mode distinguishability. The second factor acts as a sparsity penalty that encourages solutions with

fewer active sensors.

GA operators. The GA is configured with the following operators and parameters:

* Population size: 100 individuals, initialised with a custom routine that randomly activates a

variable number of gene slots per individual.
* Parent selection: Steady-State Selection (sss), retaining the best parent across generations.
* Crossover: Single-point crossover.
* Mutation: Random mutation applied to 20% of genes per offspring.

* Number of generations: 100.
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The GA operates on n,, = 12 mode shapes extracted from the undamaged finite element

model.

4.1.4 Algorithm Overview

The complete SNPO procedure is summarised in Algorithm 1.

Algorithm 1 Sensor Number and Placement Optimization (SNPO)

Require: Candidate sensor pool (coordinates and IDs), mode shape tensor ®
Ensure: Optimal sensor subset .’
1: Extract mode shapes: Run modal analysis on the undamaged FE model and retrieve the first
n, = 12 mode shapes at all N ,nq candidate locations.
2: Build mode shape tensor: Reshape the extracted displacements into ® € R m*3>*Neand
Initialise GA population: Generate 100 individuals, each a vector of length N_,,q with a random
number of active sensor indices and the remainder set to —1.

bt

4: for generation g = 1 to 100 do
5. for all individuals in population do
6: Extract active sensor indices from the chromosome.
7: Sub-select mode shapes: Pgyp, < Pactive-
8: Compute the MAC matrix from Py, (Eq. IV.1).
9: Evaluate fitness f (Eq. IV.2).
10:  end for
11:  Apply selection, crossover, and mutation operators.
12: end for

13: Return the best individual .’* and its corresponding sensor IDs.

4.2 Sensor Network Layout

The GA-based SNPO procedure converged to an optimal configuration of 20 sensors distributed
across the 10 storey levels of the structure. The selected sensor locations are the joint nodes that best

preserve mode shape distinguishability, as measured by the MAC-based fitness function (Eq. IV.2).

Because the optimisation is performed on the true mode shapes of the undamaged struc-
ture (extracted directly from the calibrated finite element model) the resulting layout inherently cap-
tures the dominant modal deformation patterns. Sensors are preferentially placed at locations of high
modal displacement amplitude or at points where different modes exhibit contrasting displacement

directions, since these locations contribute the most to minimising off-diagonal MAC values.

The optimised sensor network layout is presented in Figure IV.1. Each subplot corresponds
to one floor level of the structure. Grey dots represent the full candidate sensor pool, and red dots

indicate the sensors selected by the GA.
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Level 1

Level 2

Level 3

Level 4

Level 5

Level 6

Level 7

Level 8

Level 9

Level 10

Figure IV.1: Optimised sensor placement across the 10 storey levels of the structure. Grey dots:
candidate sensor pool. Red dots: sensors selected by the GA. The layout was obtained by optimising
mode shape distinguishability (MAC) using the true undamaged mode shapes from the FE model.
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The distribution of sensors across levels is non-uniform, reflecting the modal characteristics
of the structure. Lower storeys (e.g. Levels 1 and 3) receive no sensors because their modal dis-
placements are small relative to the upper storeys, contributing negligibly to mode differentiation.
Conversely, levels with pronounced modal activity, particularly the mid-height and upper storeys,

receive multiple sensors to capture the spatial variation of the dominant modes.

4.3 Identification of Critical Damage Zones

To ensure the machine learning dataset reflects physically realistic seismic degradation, the structural
damage was constrained to the most heavily loaded boundary elements within the plastic hinge region
(her). Rather than applying damage to arbitrary, isolated 2D wall panels that contribute minimally
to the global stiffness matrix, three critical macro-assemblies were identified: the central U-core
(Zone 1) and the two extreme perimeter corners (Zones 2 and 3) (see Figure IV.2).

[ 1

.

Figure IV.2: The selected assemblies as damage zones (in green)

4.3.1 Validation Through Base Shear Distribution

To mathematically validate the selection of these assemblies as the primary targets for damage sim-
ulation, a linear base shear distribution analysis was performed using the pier forces from the finite
element model. Because complex 3D assemblies such as U-cores experience significant orthogonal
shear forces due to torsional coupling under unidirectional seismic loading, the contribution of each
zone was evaluated using the resultant shear force vector:

Vies = /VE+ V2 (IV.3)

DAHEL Ihab 59 E.N.S.T.P




4  Sensor Network and Feature Extraction

The total resultant base reactions under the two equivalent static seismic load cases are:

 E, direction: Vres =1/9663.12 +746.12 = 9691.8 kN

* E, direction: vres =1/746.12 + 12662.4%2 = 12684.4 kN

The base shear distribution across the three critical macro-assemblies is summarised in Ta-
ble IV.1.

Table IV.1: Resultant base shear distribution across critical macro-assemblies.

Structural Element res (kN) % of E, Vres (kN) % of E,,
Zone 1 (U-Core) 49194 50.7% 4186.8 33.0%
Zone 2 (Left Corner) 1271.1 13.1% 645.5 5.1%
Zone 3 (Right Corner) 1239.3 12.8% 521.9 4.1%
Total Captured 7429.8 76.6 % 5354.2 42.2%
Total Base Reaction 9691.8 100.0% 12684.4  100.0%

4.3.2 Interpretation

As demonstrated in Table IV.1, these three isolated assemblies account for a dominant 76.6% of
the entire structure’s lateral resistance under the E, seismic combination. The central U-core alone
anchors over half of the primary building stiffness, while the two extreme perimeter corners provide

essential torsional resistance.

By defining these macro-assemblies as the designated damage zones, any simulated stift-
ness degradation will result in a substantial, global shift in the fundamental modal frequencies. This
ensures that the generated flexibility-based damage indicators contain a robust and physically mean-
ingful signal-to-noise ratio. It effectively mitigates the risk of modal masking, a phenomenon that
occurs when minor, non-critical wall panels undergo localised damage that is insufficiently detectable

through global modal parameters.

4.4 Simulation of Structural Degradation
4.4.1 Physical Basis for Stiffness Reduction
The three critical zones identified in Section 4.3 are composed of ductile reinforced concrete ele-

ments, such as shear walls and boundary elements, that are designed to undergo controlled plastic

deformation during seismic events. In ductile elements, cyclic inelastic loading leads to progressive
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micro-cracking, bond degradation, and concrete crushing. The macroscopic consequence of this ac-
cumulated damage is a measurable reduction in the effective Young’s modulus E of the material,

which directly reduces the element’s stiffness contribution to the global structural system.

Accordingly, damage is simulated in the finite element model by reducing the Young’s mod-
ulus of the concrete material assigned to each zone. For a given zone k with undamaged modulus E),

a severity factor sy, € [0,0.85] is applied such that the damaged modulus becomes:

ES™ e — By (1 - ) (IV.4)

where s; = 0 represents the undamaged state and s; = 0.85 corresponds to an 85% stiffness loss. The
undamaged Young’s modulus is Ey = 32,836.6 MPa, corresponding to C30/37 concrete as defined in
the model.

4.4.2 Damage Scenario Generation

To create a comprehensive training dataset for the machine learning model, a parametric study was
conducted by systematically varying the severity factors across all three zones. The severity values
are sampled from a discrete grid:

sx € {0.00, 0.05, 0.10, ..., 0.85} (IV.5)

with a step size of As = 0.05, yielding 18 possible severity levels per zone. The full combinatorial
space across three zones amounts to 18% = 5,832 possible combinations. From this space, 5,000

unique combinations were randomly sampled to form the master damage array.

Each row of the master array defines a damage scenario s = [s1, 52, s3] specifying the severity
factor for Zone 1 (U-Core), Zone 2 (Left Corner), and Zone 3 (Right Corner), respectively.

4.5 Feature Extraction: Flexibility-Based Damage Indicator
4.5.1 Modal Flexibility Matrix

The core feature extraction mechanism relies on the modal flexibility matrix, which approximates
the structure’s static flexibility using its dynamic (modal) properties. For a structure with n,, modes,
natural frequencies ; = 27 f;, and mode shape matrix & € R"DOF*"n (where npop = 3 x 20 = 60 for
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20 tri-axial sensors), the modal flexibility matrix is defined as:

11 1
F:CIDdiag<§,5,...,2—) o' (IV.6)
1 2 Nm

The flexibility matrix F € R"POF*"DOF hag the physical interpretation that element F;; represents the
displacement at DOF i due to a unit force applied at DOF j. Importantly, because each term is
weighted by 1/ 12, the lower-frequency modes dominate the flexibility matrix. This means that a rela-

tively small number of modes can yield a converged and accurate approximation of the total flexibility.

4.5.2 Modal Convergence and Computational Cost

Determining the appropriate number of modes #n,, to include in the flexibility calculation is a critical
optimisation step. While incorporating more modes incrementally improves the accuracy of the flex-
ibility matrix, it also significantly increases the computational cost of the eigenvalue analysis. For a

dataset comprising thousands of simulated scenarios, this cost scales up drastically.

To find the optimal balance, a modal convergence study was performed. The relative error of
the flexibility matrix was evaluated for different numbers of included modes, and compared against

the computation time required for the analysis. The results are presented in Figure IV.3.

60 ;
—— Relative flexibility error
— == Computation time (linear fit) || 110
| -
S | -7
< 5 - 1100 —
5 : - =
= ¢ -
S H n=4 - - 9'-)
{ L 0 - =
> : Error = 4.56% - R=
£ ; Time = 78.6 s - g
= . - g
2 f - {90 .8
B | oul E
13 —
; | 1
H =
= 3
%’ : 180
~ §
? 170
0 1 | l 1 | 1 | |

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Number of modes included (n)

Figure IV.3: Trade-off between modal flexibility convergence error and computational cost. The
analysis reveals a distinct elbow at n,,, = 4.
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As illustrated in Figure IV.3, the relative flexibility error drops sharply as the first few modes
are included. By the fourth mode, the error diminishes to just 4.56%. Beyond this point, the accuracy
gains become marginal, whereas the computation time continues to rise steadily. Consequently, n,, =
4 was selected as the optimal number of modes for the parametric study. This choice maintains a
high degree of fidelity in capturing the structural behaviour while limiting the simulation time to
approximately 78.6 seconds per scenario, thereby ensuring that generating the 5,000-scenario dataset

remains computationally feasible.

4.5.3 Damage Indicator Construction

For each damage scenario s, the damage indicator vector is constructed by comparing the damaged
flexibility matrix F9 against the undamaged (baseline) flexibility matrix FO. The undamaged baseline

is computed once from the intact structure (all severity factors set to zero) and stored for reuse.

The damage indicator at each degree of freedom is defined as the maximum absolute

column-wise difference:

d 0

AFmax,i = max i= 1, ..., ADOF (IV.7)
J

This produces a vector AFp,, € R® for each damage scenario, where each element quantifies the
maximum change in flexibility observed at a particular sensor DOF. The resulting vector serves as the

input feature vector for the neural network.

4.5.4 Rationale

The AFnax indicator offers several advantages for SHM applications:

* Sensitivity to stiffness changes: Since flexibility is inversely proportional to stiffness (F ~
K1), any reduction in Young’s modulus directly increases the corresponding flexibility values,
making the indicator highly sensitive to damage.

» Spatial localisation: Each element of the AF,x vector is associated with a specific sensor
DOF, preserving spatial information about where the flexibility change is most pronounced.

* Baseline comparison: By computing the difference against the undamaged state, the indica-
tor isolates the change caused by damage, removing the influence of the structure’s inherent
flexibility distribution.
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The complete dataset thus consists of 5,000 input-output pairs. Each input is a 60-dimensional

AF max vector, and each corresponding output is the three-dimensional severity vector s = [s1, 2, 53].
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S AI ARCHITECTURE AND TRAINING RESULTS

5.1 Limitations of the Isolated Predictor in a Population Context

In conventional structural diagnostics, a supervised regression network is trained end-to-end to map
a sensor measurement vector directly to a damage state. Given a complete, noise-free input X € R?,

such a network learns a parametric function Py such that
Y =Py(X), TeR} (V.1)
where ¥ contains the predicted severity for each of the three structural damage zones.

While such a predictor can achieve satisfactory accuracy on the structure it was trained on,
the difficulty arises when one attempts to scale it across a population of nominally identical build-
ings. In population-based SHM, what is referred to as a strongly-homogeneous population consists of
structures that are pair-wise mechanically equivalent, with material, geometric, and physical param-
eters treated as random draws from a shared compact unimodal base-distribution [24]. Even within
such a population, ambient vibration test results and the modal quantities derived from them will vary
from one member to the next, owing to the natural scatter of construction materials and the influence
of local environmental and operational conditions. This inter-structure variability manifests as a high-
noise regime in which a predictor trained on structure A has no reliable basis for inferring the damage
state of structure B, even when the two are nominally equivalent. The mapping from flexibility indi-
cators to damage severity that the predictor learned is tied to the particular signal characteristics of its

training source, and those characteristics do not transfer cleanly.

A further practical concern is sensor degradation over time. As channels fail or lose con-
nectivity, the input dimensionality perceived by the network falls below the size it was designed to
receive, and the isolated predictor, having no mechanism to handle missing entries, produces unreli-
able or invalid outputs. This brittleness under partial instrumentation is not a minor implementation
detail; it is a fundamental limitation of the direct-mapping paradigm in any long-term monitoring

deployment.

5.2 The Denoising Autoencoder as a Physics-Aware Spatial Correlator

The key observation underlying the proposed architecture is that sparse sensing is not a missing-data
problem in the classical statistical sense; it is a spatial de-aliasing problem. The dynamic flexibility in-
dicators extracted at any sensor node are not independent quantities. Because the floor slabs, columns,
and shear walls of the structure form a physically coupled mechanical system, the modal response at

any given degree of freedom is mathematically constrained by the responses at all neighbouring de-
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grees of freedom through the global stiffness and mass matrices. Once the structural, environmental,
and operational variability across the population is viewed as a noise-robustness challenge rather
than a domain-shift problem, it becomes clear that the data occupy a latent manifold whose intrinsic

dimensionality is far lower than the raw sensor count would suggest.

A Denoising Autoencoder (DAE) is designed precisely to exploit this kind of structured re-
dundancy. Rather than training on clean inputs, the DAE is trained under deliberate corruption, forc-
ing the network to discover and internalise the physical coupling relations that make reconstruction

possible even from a degraded observation.

5.2.1 Stochastic Input Masking and Noise Injection

Let X € R? denote the pristine flexibility-indicator vector for a given damage scenario, where d =
ngof = 60 (20 optimal sensor locations x 3 DOFs per location). As introduced in Section 4.5.3, this
vector explicitly comprises the maximum change in flexibility (AFp,x) serving as the damage indi-
cator at each of the optimal node locations derived from the optimal sensor placement in Chapter 4.
Mathematically, the input vector X is defined as:

AF, max, 1

X = | AFnax, V.2)

AF max,ngof

To bridge the gap between an isolated structural model and a population-level deployment,
an additive noise vector € € R is introduced. Rather than solely simulating sensor measurement
uncertainties, this noise term is sampled from a zero-mean Gaussian distribution &€ ~ .4°(0,621) to

act as a direct mathematical surrogate for inter-structure variability.

As established in Section 2.5, the cumulative effects of material scatter, geometric tolerances,
and environmental fluctuations across a homogeneous population manifest statistically as Gaussian
perturbations in the feature space. To rigorously justify this, consider the measured flexibility F at a
specific structural degree of freedom. Let the theoretical, idealised flexibility derived from the pristine
“Form” be Fp. The actual measured flexibility deviates from Fg due to a collection of N independent,
small physical perturbations across the population. Let these physical variabilities be denoted as A;,

which include factors such as:

* Deviations in concrete compressive strength.
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* Geometrical cross-section tolerances.
* Differential thermal expansion from seasonal temperature gradients.

* Unmodeled micro-cracking due to natural concrete shrinkage.

Using a first-order Taylor series expansion, the total variation in measured flexibility AF =

F — Fy can be approximated as the linear sum of these independent variations:

(V.3)

Q)"’j

=g g

Let the weighted contribution of each variable be X; = aF A;. Each X; acts as an indepen-
dent random variable with its own mean y; and variance Gi . While the underlying distributions of
these individual physical parameters are rarely Gaussian, the Central Limit Theorem (illustrated in

Figure V.1) dictates that their sum, Sy = Zf\]: 1 Xi, converges to a Normal distribution as N increases:

N N
Sy~ N (Z i) cr?) (Vi4)
i=1 i=1

Because the input data is standardised in the machine learning pipeline (centering the mean
at zero), the effective noise applied to the idealised Form reduces cleanly to zero-mean Gaussian

noise.

To further simulate sparse instrumentation, a binary dropout mask m € {0,1}¢ is drawn
independently for each training sample, with each element set to zero with probability pgrop and to

one otherwise. The corrupted input presented to the network is then:

X=X+e)om (V.5)

By training the network under this specific corruption regime, the DAE is forced to learn a
population-invariant latent space. The noise injection requires the Encoder to actively ignore the scat-
ter that differentiates individual structures within a population, isolating only the underlying physical
damage signal.
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Figure V.1: Visual representation of the Central Limit Theorem demonstrating the convergence of
independent structural perturbations to a Normal distribution.

5.2.2 Encoder: Compression into a Latent Physics State

The corrupted vector X is passed through an Encoder network Eg, which compresses it into a low-

dimensional latent representation

Z=E¢X), ZeRk (V.6)

with k = 16. The Encoder is a three-layer feedforward network with Dense—BatchNorm—ReLU blocks
of widths 46, 32, and 16, with ¢, regularisation applied to all weight matrices. The bottleneck dimen-
sion k < d is small enough that the Encoder cannot memorise individual channels; it is forced instead
to learn the inter-DOF correlations that allow any missing channel to be inferred from the surviving

ones, which is precisely the physical knowledge the architecture is designed to capture.

5.2.3 Decoder: Reconstruction of the Complete Spatial Field

A symmetric Decoder Dy maps the latent code back to an estimate of the pristine flexibility vector:

X=Dy(z), XeR% (V.7)

The Decoder mirrors the Encoder in width (16 — 32 — 46 — 60), with a linear activation on the
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final layer, consistent with the unbounded range of the standardised input features. The training target
for the Decoder is the pristine vector X rather than its corrupted counterpart X. Specifically, the
objective function relies on MSE(X, X) instead of MSE(X, X), since this is the central piece of the
“denoising” capability in our DAE. This distinction is consequential: by penalising the Decoder for
failing to recover what a missing channel should have measured, the network receives a considerably
stronger learning signal, one that drives the Encoder toward genuinely internalising the structural

physics rather than simply passing through the surviving channels (see Figure V.2).

Figure V.2: Illustration of the data corruption process and the complete Denoising Autoencoder ar-
chitecture (highlighted in light blue).

5.2.4 Phase-1 Model Pre-Training and Baseline Parameter Search

To comprehensively evaluate the Denoising Autoencoder’s (DAE) reconstruction capabilities under
various degradation scenarios, a full grid-search experiment was conducted. The DAE was trained
under a self-supervised objective across a 6 A— 6 combinatorial grid of sensor masking (dropout)
rates parop € {0.0, 0.10, 0.20, 0.30, 0.40, 0.50} and Gaussian measurement noise levels (from 0.0 to
0.5 standard deviations).

To quantify uncertainty, 20 independent models were trained for every configuration, with
each model trained for up to 50 epochs using early stopping (patience 10). The aggregated test-set
performance metrics comprising Mean MSE, Standard Deviation, and R? scores across all 720 trained

models are summarised in Table V.1
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Table V.1: Model Performance (Mean MSE =+ Std MSE and R? Score) across Dropout (DR) and Noise Rates

DR

Noise

0.0

0.1

0.2

0.3

04

0.5

MSE (& Std)

R2

MSE (+ Std)

R? MSE (+ Std)

RZ

MSE (+ Std) R2

MSE (= Std)

R2

MSE (+ Std) R?

0.0
0.1
0.2
0.3
0.4
0.5

0.0036 £ 0.0003
0.0054 £ 0.0006
0.0429 £0.0464
0.1181£0.0749
0.3342£0.0872
0.4403 £0.0866

0.9960
0.9940
0.9526
0.8699
0.6295
0.5126

0.0046 £ 0.0006
0.0063 +£0.0010
0.0331£0.0323
0.1354 £0.0834
0.3316 £0.0804
0.4324+£0.1114

0.0061 £ 0.0004
0.0080 £ 0.0008
0.9635 0.0404£0.0471
0.8499 0.1263 +£0.0777
0.6326 0.3151+0.0909
0.5203 0.4660+0.0872

0.9949
0.9930

0.9932
0.9912
0.9554
0.8602
0.6514
0.4840

0.0091 £0.0006 0.9899
0.0113£0.0022 0.9875
0.0316 £0.0057 0.9653
0.1605+£0.0945 0.8226
0.3538£0.0945 0.6075
0.4570£0.0857 0.4939

0.0125£0.0008
0.0136+0.0011
0.0346 £0.0037
0.1466 £0.1006
0.3806£0.0931
0.4721£0.0919

0.9861
0.9850
0.9619
0.8376
0.5781
0.4764

0.0168 £0.0009 0.9813
0.0177+0.0014 0.9803
0.0369 £ 0.0058 0.9593
0.1132£0.0615 0.8753
0.3628 £0.0962 0.5980
0.4607£0.1100 0.4895
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5 Al Architecture and Training Results

As observed in Table V.1, the architecture demonstrates a pronounced asymmetry in its ro-
bustness to the two distinct degradation modes. The model is exceptionally resilient to additive Gaus-
sian measurement noise; even when subjected to the maximum noise level of 0.5 without any sensor
dropout, the network retains a high predictive capacity with an R? score of 0.9813. In stark contrast,
sensor dropout represents a significantly harsher perturbation to the system. At a dropout rate of 50%
with zero noise, the R? score plummets to 0.5126, indicating that the complete loss of spatial corre-
lation channels degrades the network’s reconstruction ability much faster than channel-uncorrelated

noise.

To isolate the effect of sensor masking and pinpoint the optimal pre-training operating point,
a focused drop-rate sweep was analyzed, as depicted in Figure V.3. The validation reconstruction
MSE boxplots (Figure V.3a) illustrate that both the median reconstruction error and the inter-run

variance increase exponentially (plotted on a logarithmic scale) as the masking rate grows.

(a) (b)

o Lo 09945 09880 0.9332
+ i ' 0.8126
m 0.8
7 g 2 0.6251 5692
= A
5 & 06
5 10 @«
= g
5 = g 04
=
=
0.0
0% 10% 20% 30% 40%  50% 0%  10% 20% 30% 40%  50%
Drop Rate Drop Rate

Figure V.3: Phase-1 drop-rate sweep. a) validation reconstruction MSE (log scale) over training
epochs for each masking rate. b) best achieved validation MSE per rate; the selected operating point
is highlighted.

The mean reconstruction R? scores (Figure V.3b) provide a clear, quantitative criterion for
parameter selection. At low dropout rates of 0% and 10%, the reconstruction task is insufficiently
challenging, with R? scores remaining near-perfect (above 0.9880). This low-corruption regime risks
allowing the network to simply pass surviving channels through without forcing the Encoder to gen-
uinely map the underlying physical structural correlations. Conversely, at dropout rates of 30% and
beyond, performance degrades too sharply (falling to an R? of 0.8126 and below), meaning the essen-
tial structural signal becomes irretrievably lost.

Therefore, a dropout rate of 20% emerges as the optimal baseline parameter. At this inflec-
tion point, the model is significantly challenged to internalize the spatial physics of the structure, yet it

still maintains a highly robust mean R? of 0.9332. Consequently, the joint configuration comprising a
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5 Al Architecture and Training Results

20% dropout rate and a 0.5 noise level (highlighted in Table V.1, yielding an MSE of 0.0369 £ 0.0058
and an R? of 0.9593) is established as the target operating point. This configuration perfectly balances
the aggressive corruption required to learn a population-invariant latent space with the signal retention

necessary for accurate downstream severity prediction.

5.3 Dual-Branch Architecture and Pseudo-Transfer Learning

After Phase-1 pre-training, the Encoder Eg has learned a latent space that encodes the modal physics
of the structure in a form already robust to moderate sensor dropout and aggressive measurement

noise.

The DAE, however, is a generative model: it can reconstruct the sensor field, but it cannot
diagnose structural damage. A second functional branch is therefore attached to the same latent
representation, transforming the architecture into a dual-output system capable of simultaneously
healing the sensor field and predicting damage severity (Figure V.4). The shared latent code Z is the
architectural junction between these two tasks, and it is what makes the design coherent rather than

merely composite.

S
&
>
N

Figure V.4: The complete Dual-Branch DAE architecture. The shared latent space connects the self-
supervised reconstruction task (Decoder) with the supervised diagnostic task (Predictor).

5.3.1 The Predictor Branch

A Predictor network Py maps the shared latent code Z to the three-dimensional severity vector:

A

Y =Py(2), TeR? (V.8)
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where each component of ¥ is a continuous severity estimate in [0, 1] for one of the three structural
zones. The Predictor is a compact four-layer MLP (16 — 16 — 8 — 8 — 3) with ReLU hidden
activations and a sigmoid output layer, consistent with the bounded range of the severity targets.

The choice of an MLP for this branch is deliberate but not mandatory. Because the Pre-
dictor operates on a clean, physics-informed latent code rather than raw sensor data, the regression
task it faces is substantially simpler than the original mapping from raw indicators to damage states;
the Encoder has already performed the dimensionality reduction and noise suppression. Alternative
prediction heads, gradient-boosted trees, Random Forest regressors, or higher-capacity nonlinear net-
works, can be attached to the same trained Encoder without disturbing the shared representation,
simply by fitting them to the Encoder’s output. This modularity provides a systematic upgrade path

decoupled from the latent geometry itself.

5.3.2 Pseudo-Transfer Learning via the Shared Latent Space

The architecture realises a form of implicit transfer learning across the population without explicit
domain adaptation, auxiliary domain labels, or a separate fine-tuning phase. The mechanism is as

follows.

During Phase-1 training, the stochastic masking operator m samples, with positive probabil-
ity, every possible sparse sub-configuration of the full sensor array. The Encoder is therefore trained
to map any masked version of X to approximately the same point in z-space as the pristine X itself.
This invariance is not imposed by an explicit regularisation term; it emerges organically from the
reconstruction objective. The Decoder can only recover the pristine field X from a masked input if the
Encoder has compressed the mask-invariant physical content, and discarded the mask-specific arte-
facts, into z. The latent code is thus forced to represent the underlying damage state of the structure

rather than any particular sensor configuration.

When the trained system is subsequently deployed on a Type-B structure whose permanent
sensor layout corresponds to one such masked sub-configuration, the Encoder maps its limited obser-
vations to the same latent manifold on which the Predictor was trained. The Predictor, drawing from
this invariant representation, inherits the Encoder’s robustness to missing sensors without having been
explicitly exposed to sparse data during its own supervised training. The empirical confirmation of
this mechanism, that the latent code z under sensor corruption remains tightly correlated with its clean
counterpart, is presented in Section 5.6.3.
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5.4 Phase-2 Joint Optimisation

Once the DAE has been pre-trained and the optimal corruption parameters selected, all three compo-
nents, Encoder Eg, Decoder Dy, and Predictor Py, are unfrozen and trained jointly in Phase 2. The

full forward pass for a given input X is

z=Eg((X+e)om), X =Dyz), Y = Py(2). (V.9)
5.4.1 Asymmetrically Weighted Objective Function

Two loss terms are defined. The reconstruction loss Ziecon measures the fidelity of the recovered
flexibility field:

(i — ). (V.10)

d
=1

1
zecon - E

1

The prediction loss £jreq measures the regression error of the severity estimates:

1 3
Loea =3 Y, (vj—9;)°. (V.11)
=1

These are combined into a single scalar objective with asymmetric weighting:

ﬁotal = 0.1 Liecon +0.9 gpred- (V.12)

The weighting reflects the structural hierarchy of the two tasks. Reconstruction is intrinsi-
cally easier: its target X is high-dimensional and continuous, and the Encoder already carries a strong
prior for spatial correlation from Phase-1. Assigning a dominant coefficient of 0.9 to the prediction
loss forces the joint optimisation to prioritise damage-discriminative geometry in z, while the small
reconstruction coefficient of 0.1 is sufficient to prevent the spatial-correlator behaviour established in
Phase-1 from being overwritten during fine-tuning. The result is a latent space that is simultaneously

a good spatial reconstructor and a well-structured damage severity manifold.
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5.4.2 Training Protocol

Phase-2 training proceeds for up to 300 epochs with early stopping on validation prediction loss
(patience 30) and learning-rate reduction on plateau (factor 0.5, patience 15, minimum 107%). The
Adam optimiser is used with an initial learning rate of 1073. A 70/15/15 train/validation/test split is
applied to the 5000-scenario dataset, with StandardScaler normalisation fitted exclusively on the

training partition and applied without leakage to the validation and test sets.

The Phase-2 training curves are shown in Figure V.5. The Phase-1 reconstruction loss (panel
a) drops sharply within the first ten epochs and stabilises near zero, confirming that the Encoder
internalises the inter-DOF coupling rapidly before the fine-tuning phase begins. In Phase-2, both
prediction loss and total loss converge smoothly without signs of overfitting: the train and validation
curves track closely throughout, a particularly encouraging result given the relatively compact 5 000-

scenario dataset.

Reconstruction Loss Prediction Loss Total Loss
. 0.06
1.0 Trj‘z
Validati
aliaation 006
0.8
% 0.04
o 0.6 0.04
w2
= 04 0.02
02 W 0.02
0 20 40 0 50 100 0 50 100
Epochs (Phase 1) Epochs (Phase 2) Epochs (Phase 2)

Figure V.5: Training curves for both phases. a) Phase-1 reconstruction MSE loss, showing rapid
convergence of the Encoder—Decoder pair. b) Phase-2 prediction MSE. ¢) Phase-2 total weighted loss
(Eq. V.12). Training (indigo) and validation (amber) curves shown.

5.5 Test-Set Results

The trained system is evaluated on the held-out test set (750 scenarios, unseen during both training

phases).

5.5.1 Reconstruction Fidelity

The reconstruction branch recovers the complete 60-dimensional flexibility-indicator field from masked

inputs, confirming the spatial correlator hypothesis: the structural coupling embedded in the flexibil-
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ity matrix is sufficiently regular that a 16-dimensional bottleneck can capture it under realistic sensor

dropout.

5.5.2 Damage Severity Prediction

Figure V.6 presents the predicted versus true severity scatter plots for the three structural damage
zones on the held-out test set. All three panels show tight alignment with the identity diagonal and
the vast majority of predictions fall within the £210% bound, confirming strong generalisation to

unseen damage scenarios across the full severity range.

Per-zone performance metrics are reported in Table V.2. Zones 1 and 2, corresponding to
the U-core and the back-right corner shear wall, achieve R? values of 0.952 and 0.960 respectively,
with low and stable MSE. Zone 3 (top-left corner) is the most demanding zone, yielding R?> = 0.935;
this modest reduction relative to the other zones is consistent with the greater geometric eccentricity
of the TL corner element, whose damage signature is more susceptible to being aliased by the global
torsional response of the structure. Across all zones, the prediction variance is low and systematic,

with no evidence of severity-range bias.
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Figure V.6: Predicted vs. true damage severity on the held-out test set for each of the three structural
zones. a) Zone 1 (U-core), b) Zone 2 (BR Corner), ¢) Zone 3 (TL Corner). Box distributions at each
discrete severity level show the spread across the 750 test scenarios. The dashed diagonal is the ideal
predictor; the shaded band marks the +10% tolerance.

Table V.2: Test-set prediction performance for the dual-branch model.

Metric Zone 1 (U-core) Zone 2 (BR Corner) Zone 3 (TL Corner)
MSE (Mean) 0.003430 0.003091 0.005226
MSE (Std Dev) +0.000477 40.000330 +0.000385

R? 0.952 0.960 0.935
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5.6 Test-Time Robustness and Latent Space Analysis

The operational viability of the trained system depends on its ability to maintain diagnostic accu-
racy under conditions that deviate from the clean, fully-instrumented deployment environment. This
section evaluates the system’s behaviour under two independent degradation modes, sensor dropout
and additive Gaussian noise, and then interrogates the latent space geometry to explain the observed

response.

5.6.1 Test-Time Sensor Dropout

In this protocol, a random fraction pffrsgp € {0.0,0.10, 0.20, 0.30, 0.40, 0.50} of the 60 input channels
is zeroed at test time, irrespective of the masking applied during training. The evaluation is repeated
over N = 20 independent runs per level to obtain stable estimates of mean performance and variance.

The results, presented in Figure V.7, show gracefully stratified degradation. At p&erscfp = 0.0,
the ensemble achieves a mean R? = 0.9420 and a median severity MAE below 0.05. As dropout
increases to 0.20, matching the rate used during Phase-1 training, R?> remains above 0.91 and the

MAE interquartile range expands only modestly, reflecting the successful internalisation of inter-

test
drop

the mean R? falls to 0.6619 and the MAE median exceeds 0.11. Crucially, the variance across the 20

runs remains low even at this extreme level: the model fails consistently rather than catastrophically,

DOF correlations during pre-training. Beyond p ;> = 0.30, degradation accelerates; at 50% dropout,

a property of considerable importance for structural safety applications where unpredictable failure

modes are more dangerous than predictable, gradual accuracy loss.

5.6.2 Test-Time Gaussian Noise

In the second protocol, the test-set inputs are perturbed by additive Gaussian noise:
XteSt:X—l—S, SNJV(O, (Gnoise'GX)2'1)7 (V.13)

where oy is the per-feature standard deviation of the training data and Gyise € {0.0, 0.10, ...,0.50}

is the relative noise level, calibrated to the actual dynamic range of each flexibility-indicator channel.

Recall from Section 5.2.4 that Gaussian noise was established not merely as a sensor cor-
ruption model but as the mathematical surrogate for inter-structure variability within the population.
The Central Limit Theorem argument of Section 5.2.1 showed that the aggregate effect of material
scatter, geometric tolerances, and environmental fluctuations across a strongly-homogeneous popu-
lation manifests in feature space as zero-mean Gaussian perturbations. The noise level Oygige = 0.50

adopted at the target operating point (Table V.1, highlighted cell at DR = 0.20) was therefore not
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Figure V.7: Test-time sensor dropout robustness (N = 20 runs per level). (a): box plot of severity
MAE across dropout rates 0%—50%. (b): mean test-set R per dropout rate with &1 standard deviation
error bars. The model retains R > 0.91 up to 20% dropout, matching the Phase-1 training masking
rate.

selected for reconstruction convenience; it was selected to be the dominant training challenge, delib-
erately exceeding any realistic single-sensor measurement error so that the Encoder is forced to treat
inter-structure variability as a condition it operates under by design, not an exceptional case it must
tolerate.

The test-time noise sweep thus functions as a direct evaluation of the system’s population
generalisation capacity: each noise level oyise corresponds to a different effective spread of the ho-
mogeneous population, and the question the sweep answers is whether the pipeline degrades grace-
fully as that spread increases beyond its training envelope.

As shown in Figure V.8, the answer is clearly affirmative. At zero noise, the ensemble
achieves a mean R = 0.9420. This value degrades only to 0.9403 at 10% noise, 0.9335 at 20%, and
0.9258 at 30%, a total loss of 0.016 across the first three noise levels, which is within the run-to-
run variance at baseline. Even at the extreme O = 0.50, where the perturbation reaches half the
signal’s own standard deviation, matching and equalling the most aggressive training configuration,
the mean R” remains at 0.8917 and the MAE median stays below 0.066. The total R? degradation
across the full noise range is 0.050, approximately one-fifth of the 0.280 observed under the equivalent
dropout sweep.

This resilience is a direct consequence of the Phase-1 and Phase-2 training regime. The grid
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search of Table V.1 already revealed a striking pattern at DR = 0.20: reconstruction performance
is essentially flat across all noise levels, with R” values ranging from 0.9526 (no noise) to 0.9593
(noise = 0.50), a spread narrower than the inter-run standard deviation. The Encoder trained under
this regime learned to suppress zero-mean stochastic perturbations before they reach the bottleneck,
treating them as irrelevant to the latent code. Phase-2 joint training, which continued under the same
Onoise = 0.50 corruption schedule, reinforced this suppression in the final end-to-end system. The
result is a Predictor that is insensitive to the very type of variability that makes population-based
SHM hard: the building-to-building scatter that was the motivation for the DAE design from the
outset.
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Figure V.8: Test-time Gaussian noise robustness (N = 20 runs per level). (a): box plot of severity
MAE across relative noise levels 0%—50%. (b): mean test-set R2 per noise level. The near-flat
R? profile across the full sweep confirms that the Opoise = 0.50 training regime has rendered the
pipeline effectively insensitive to inter-structure variability across the tested population spread. Total
R? degradation (0.050) is approximately one-fifth of that observed under the equivalent dropout sweep
(0.280).

5.6.3 Latent Space Stability: Why the Pipeline Behaves This Way

The quantitative gap between dropout sensitivity and noise immunity established in Sections 5.6.1
and 5.6.2 has a precise geometric explanation in the latent space, and the cross-correlation analysis

presented here makes that explanation directly visible.

For each test sample, the Encoder is run twice: once on the clean input X to obtain Zgjean,
and once on the corrupted input X't to obtain zeor. The 16 X 16 cross-correlation matrix between

the paired latent vectors is computed across the test set (N = 405 samples), and its mean diagonal, the
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Mean Diag. metric, serves as a scalar summary of latent identity preservation: a value of 1.0 means

corruption has no effect on the encoding; a value approaching 0 indicates complete decorrelation.

Gaussian noise: a latent code that corruption cannot reach. Figure V.9 presents the cross-
correlation matrices under additive Gaussian noise. The Mean Diag. is 0.9987 at 10% noise and
remains above 0.9720 even at the 50% level, the highest stability values recorded across any pertur-
bation mode tested. The block structure of the correlation matrix is almost perfectly preserved up to
30% noise (Mean Diag. = 0.9886), at levels already producing a measurable increase in prediction
MAE. This confirms that the latent representation is not merely numerically close to its clean counter-
part: it is semantically identical to it. The four latent clusters, three zone-specific damage subspaces
and one global stiffness mode, are entirely undisturbed by a perturbation that reaches half the signal

amplitude.

The mechanism is statistical. Zero-mean Gaussian noise is channel-uncorrelated; as the
corrupted signal propagates through the Encoder’s dense layers, the noise contribution is averaged
across all 60 input channels before reaching the 16-dimensional bottleneck. By the same Central
Limit argument invoked in Section 5.2.1 to justify the Gaussian noise model in the first place, the
expected noise contribution at the bottleneck scales as Gpojise/ v/d, which at d = 60 amounts to a
suppression factor of approximately 7.7 x relative to the per-channel noise amplitude. The training
regime at Opoise = 0.50 was calibrated to match and exceed this suppressed level, ensuring the Encoder
never encountered a noise regime in deployment that it had not seen at training. This is why the noise
robustness curve is essentially flat: the pipeline was not just tested against inter-structure variability,

it was designed around it.

Sensor dropout: spatial information that cannot be recovered. Figure V.10 shows the equivalent
matrices under sensor dropout. The Mean Diag. is 0.9901 at 10% dropout, comparable to the noise
case, but decreases monotonically and more steeply, reaching 0.8936 at 50% dropout versus 0.9720
under the equivalent noise level. The contrast is physically interpretable. Dropout removes entire
sensor channels, destroying the spatial correlation signal that the Encoder relies on to infer each
channel’s contribution to the bottleneck. No amount of averaging across surviving channels can
recover the information carried by a channel that is simply absent; the CLT suppression mechanism
has no equivalent here. The latent code therefore drifts from its clean counterpart in proportion to the

fraction of spatial information destroyed, and the prediction performance degrades accordingly.

The block structure remains visible across all dropout panels, confirming that even under se-
vere sensor loss the Encoder does not collapse to a random mapping: the zone-specific latent clusters

persist, even as their alignment with the clean-input clusters weakens. This is the geometric signature
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Figure V.9: Latent space cross-correlation between clean and Gaussian-noise-corrupted encodings
(test set, N = 405). Each panel shows the 16 x 16 correlation matrix at a different noise level. Mean
diagonal values above 0.97 across all five panels confirm that the Encoder’s bottleneck is effectively
unreachable by zero-mean stochastic perturbations, regardless of their amplitude. The preserved
block structure indicates that the semantic organisation of the latent space, three zone-specific damage
clusters and a global stiffness mode, is intact even under the most aggressive noise tested.
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of graceful degradation: the model loses precision but retains the semantic organisation of the latent

space.
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Figure V.10: Latent space cross-correlation between clean and sensor-dropout-corrupted encodings
(test set, N = 405). Each panel shows the 16 x 16 correlation matrix at a different dropout level. The
monotonic decrease in Mean Diag. from 0.9901 to 0.8936 reflects the irreversible loss of spatial
correlation information as sensor channels are removed. The persistent block structure indicates
that latent cluster organisation is maintained despite missing sensors, confirming graceful rather than
catastrophic degradation.

Together, Figures V.9 and V.10 provide the empirical confirmation of the pseudo-transfer
mechanism introduced in Section 5.3.2: under the sensor sub-configurations that govern realistic
Type-B deployment (up to 20% sensor loss), the latent code of a sparsely instrumented structure
is nearly indistinguishable from that of a fully instrumented one. The Predictor, trained on clean
latent codes, therefore operates on effectively equivalent inputs when deployed across the population,

without retraining, without domain adaptation, and without any architectural modification.

5.6.4 Operational Implications

The robustness results support three practical conclusions for PBSHM deployment.
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Sensor availability is the critical failure mode. The model degrades approximately five times
faster under sensor dropout than under equivalent levels of Gaussian noise (AR*> = 0.280 versus 0.050
across the 0%—50% range). For deployment planning, this implies that ensuring sensor availability,
minimising failure rates through redundancy and maintenance, is substantially more important than
improving signal conditioning quality. Sensor placement optimisation in future iterations should

therefore weight reliability as a primary objective alongside modal observability.

A practical instrumentation threshold exists. The R” curve under sensor dropout exhibits an in-
flection between 20% and 30% dropout. Below 20% sensor loss, performance degrades slowly and
the latent space remains highly stable (Mean Diag. > 0.97). Above 30%, degradation accelerates
markedly. This defines a concrete operational guideline: a Type-B structure instrumented with at
least 70% of the reference sensor count can be expected to receive reliable damage severity estimates
without retraining. Structures with fewer than 14 active channels from the 20-sensor reference grid

should be flagged for human review.

Latent stability as an online confidence signal. The monotonic decrease in Mean Diag. across
both perturbation axes provides a computationally cheap, model-internal early-warning signal. A
deployed system could compute the cross-correlation between the current latent code z and a library
of clean reference codes obtained from a commissioning survey, and issue a confidence flag whenever
the mean diagonal falls below a threshold, 0.93, corresponding to approximately 30% dropout or 50%
noise, is a natural choice from the sweep data. This self-assessment capability is available at zero
additional cost from the existing latent representation and offers a principled path toward uncertainty-

aware SHM without requiring explicit probabilistic modelling of the measurement process.
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GENERAL CONCLUSION

This thesis set out to answer a single practical question: can the structural health of an entire network
of standardised reinforced concrete buildings be monitored reliably from a minimal, economically
viable instrumentation setup, without calibrating a dedicated diagnostic model to each individual
structure? The answer developed across four chapters is affirmative, and the argument rests on a
chain of decisions that are worth tracing in full.

The starting point was the seismic context of northern Algeria, where mass housing pro-
grammes have produced dense residential districts composed of hundreds of nominally identical G+9
shear-wall buildings, all exposed to the same tectonic hazard and all potentially requiring rapid post-
earthquake assessment. The fundamental insight that shapes the entire pipeline is that this very uni-
formity, normally seen as an administrative convenience rather than a scientific resource, is precisely
what Population-Based SHM is designed to exploit. Because the buildings within a given estate share
the same structural system, geometry, and design code, the variability that distinguishes one from
another arises from many independent sources simultaneously: batch-to-batch scatter in concrete
strength, construction tolerances, differential settlements, seasonal temperature gradients, and local
soil conditions. The Central Limit Theorem guarantees that the combined effect of these sources on
the extracted modal features converges to additive Gaussian noise around the baseline Form. This
transforms what might otherwise be an uncontrolled source of epistemic uncertainty into a formally
tractable modelling assumption, and it is the justification on which the entire machine learning strat-
egy is built.

Chapter 3 established the baseline structural model. The G+9 building in Staoueli, designed
to RPA 2024 and BAEL 91/99, was classified as plan and elevation irregular, assigned a shear-wall
behaviour coefficient of R = 4.5, and verified against seismic base shear, inter-story drift, and P-A
stability requirements. The critical slab and beam elements were designed through full limit-state
calculations, providing a structurally credible reference model from which all subsequent damage
simulations are derived. This grounding in Algerian design practice is not incidental; it ensures that
the damage scenarios generated in Chapter 4 are physically realistic representations of the degradation

modes that seismic loading would actually produce in this structural typology.

Chapter 4 addressed the instrumentation problem. A Genetic Algorithm guided by the Modal
Assurance Criterion identified a sparse but informationally optimal network of 20 tri-axial sensors
from a pool distributed across the ten storey levels. The three critical damage zones, the central U-
core and the two perimeter corners, were selected on the basis of their dominant contribution to lateral
resistance (76.6% of total base shear under the governing seismic case), ensuring that any simulated
stiffness degradation produces a globally detectable signal rather than a locally masked one. The

maximum column-wise flexibility change AF,,x was then established as the damage-sensitive feature
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vector, a 60-dimensional quantity that combines the interpretability of flexibility-based indicators with
the practicality of sparse OMA-compatible measurements. Four modes were shown to be sufficient
for a converged flexibility estimate, reducing the per-scenario computation time to 78.6 seconds and

making the 5 000-scenario dataset generation feasible.

Chapter 5 developed and validated the Al pipeline. The Denoising Autoencoder was pre-
sented not as a data-processing convenience but as the architectural translation of the PBSHM insight:
because inter-structure variability manifests as additive Gaussian noise in the feature space, a network
trained under aggressive noise injection and stochastic sensor masking is forced to learn a latent code
that represents the damage state of the structure independently of which building in the population it
is observing and independently of how many sensors remain active. The Phase-1 grid search over 720
configurations confirmed that the optimal pre-training operating point is a dropout rate of 20% com-
bined with a noise level of 0.5 standard deviations, the configuration that maximally challenges the
Encoder without destroying the essential structural signal. These two parameters are not independent
choices: the 20% dropout defines the sensor redundancy budget below which the spatial correlator
begins to fail, and the 0.5 noise level defines the population spread over which the system is designed

to generalise.

Phase-2 joint optimisation, with the asymmetric 0.9/0.1 prediction-to-reconstruction loss
weighting, fine-tuned the entire system toward damage severity estimation while preserving the spatial-
correlator behaviour established in Phase-1. The held-out test set of 750 unseen scenarios yielded R?
values of 0.952, 0.960, and 0.935 for the U-core, back-right corner, and top-left corner zones respec-
tively, confirming strong generalisation across the full severity range.

The robustness evaluation then asked the decisive question for deployment: how does the
system behave when conditions in the field deviate from the clean training environment? The answer
reveals an important asymmetry. Under test-time Gaussian noise, the operational surrogate for inter-
structure variability, the R? degrades from 0.942 to 0.892 across the full 0%—50% noise range, a
total loss of 0.050 that falls within the bounds of run-to-run variance at low perturbation levels. The
latent space cross-correlation analysis explains why: zero-mean stochastic noise averages out across
the 60 input channels as the signal propagates through the Encoder’s dense layers, leaving the 16-
dimensional bottleneck effectively unreachable by amplitude perturbations up to half the signal’s own
standard deviation. The semantic cluster organisation of the latent space, three zone-specific damage
subspaces and a global stiffness mode, is intact even at the most aggressive noise level tested. Under
sensor dropout, the picture is different but still controlled: the R* falls more steeply, reaching 0.662
at 50% dropout, but the variance across 20 independent runs remains low at every level, confirming
graceful rather than catastrophic degradation. The practical implication is that a Type-B building
instrumented with at least 70% of the 20-sensor reference network can be diagnosed reliably without

retraining; below 14 active channels, a human review flag is warranted.
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Taken together, these results validate the core scientific contribution of this thesis: the explicit
and measurable link between the statistical structure of a strongly-homogeneous building population
and the training mechanics of a Denoising Autoencoder. The latent space learned from a single
baseline finite element model, perturbed by noise calibrated to the population’s variability spread,
generalises to other members of the population without domain adaptation, without auxiliary labels,
and without retraining. The pseudo-transfer mechanism is not an approximation or a heuristic; it is
the direct consequence of training the Encoder to be representation-robust in the first place, and the

cross-correlation matrices of Chapter 5 demonstrate it geometrically.

Several limitations remain and define the natural path forward. The 5 000-scenario dataset,
while sufficient for the present validation, was generated from a single deterministic finite element
model; extending the pipeline to a stochastic ensemble of models that explicitly samples the popula-
tion’s material and geometric scatter would close the loop between the CLT assumption and the train-
ing data. The damage model, based on uniform Young’s modulus reduction within macro-assemblies,
is a first-order approximation of the nonlinear, hysteretic degradation that reinforced concrete ele-
ments actually undergo under cyclic seismic loading; higher fidelity damage models would sharpen
the feature extraction. The sensor placement optimisation currently weights modal observability
exclusively; incorporating sensor reliability as an objective, motivated directly by the finding that
dropout is the dominant failure mode, would produce networks that are more robust by design rather
than by training. Finally, deploying the system on real ambient vibration data from an existing AADL
estate would constitute the most meaningful validation, one that neither a laboratory experiment nor

a simulation study can fully replace.

What the present work has established is the theoretical and computational framework within
which that deployment becomes principled rather than speculative. The Algerian mass housing estate,
long regarded as a logistical challenge for post-earthquake assessment, emerges here as a genuinely
favourable environment for population-based monitoring: its uniformity is a resource, its variability
is quantifiable, and its scale is precisely the regime in which a shared latent representation pays its

greatest dividend.
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