SAPIENZA

UNIVERSITA DI ROMA

Vision-based Deep Learning Approaches for Post-
Earthquake Building Damage Assessment

Scuola di Dottorato in Scienze e Tecnologie per I'lnnovazione Industriale
Facolta di Ingegneria Civile e Industriale
Department of Astronautical, Electrical and Energy Engeneering - DIAEE

PhD Program in ENERGY and ENVIRONMENT (XXXVIII cycle)

Simone Saquella
ID number 1474476

Advisor Co-Advisor
Prof. Giovanni Laneve Prof. Michele Scarpiniti

Academic Year 2024/2025



Vision-based Deep Learning Approaches for Post-Earthquake Building Damage Assessment
PhD thesis. Sapienza University of Rome

© 2025 Simone Saquella. All rights reserved

This thesis has been typeset by IATEX and the Sapthesis class.

Author’s email: simone.saquella@uniromal.it


mailto:simone.saquella@uniroma1.it

Dedicated to my wife,
Claudia.



Abstract

This doctoral thesis tackles a challenge in earthquake engineering: the timely and reliable
assessment of damage to buildings after an earthquake. Traditional evaluations often rely on
visual inspections conducted by structural engineers using standardized forms, such as the
Italian AeDES protocol. While these methods are necessary, they tend to be time-consuming,
subjective, and hard to apply during large seismic events. Driven by these challenges, this
thesis examines how vision-based Artificial Intelligence (Al), specifically Convolutional
Neural Networks (CNNSs), can improve the post-earthquake damage assessment process.
The main goals of this research are twofold: (i) to evaluate the performance of various
modern CNN architectures for seismic damage classification in buildings, with a focus on
the VGG16 model, and (ii) to create and validate a new dataset designed for earthquake
damage classification, enhancing existing collections.

The contribution of this new proposed dataset is a key part of this work. Previous
datasets, like PEER -Net, ReLUIS, and the INGV photographic database, provided useful
starting points but faced issues like class imbalances, inconsistent labeling criteria, and
discrepancies across di Lerent sources. To address these problems, a new dataset was created.
Structural engineers re-annotated it following the AeDES guidelines and expanded it through
a systematic process that included geometric transformations and oversampling. The final
balanced dataset contains nearly 20,000 labeled samples, covering four damage states (None,
Slight, Moderate, Heavy) across various building types and structural elements. This dataset
not only supports the experiments in this thesis but also serves as a valuable resource for
future research in automated post-disaster assessments.

On the methodological side, the thesis has first gone through the problem of CNN
e [cady in a comparative study of di Cerent well-known architectures like AlexNet, DenseNet,
ResNet, E [ciehtNet-B0, and particularly VGG16. Results have corroborated the strength of
CNN-based methods in the identification of earthquake-caused damage to be stable, with
accuracies always exceeding 80% and the best-performing setups getting close to 90% on
the curated dataset. VGG16, even though it is one of the earlier deep architectures, turns out
to be the most powerful model when the correct data augmentation and transfer learning
strategies are applied. What these outcomes emphasize is that in the case of relatively
small and highly specialized datasets as seismic imagery, the choice of a less complex deep
learning model along with the development of a carefully curated dataset can give better
results than the use of more complex and deeper networks.

Moreover, the thesis goes beyond the CNN benchmarking to consider the implementation
of more sophisticated data-fusion strategies for the enrichment of the classification process.
To facilitate the extraction of high-frequency coe Lciehts representing edges and the local
texture details of the targeted images the Discrete Wavelet Transform (DWT) was introduced.
These coe Lciehts were then mixed with RGB images through early and intermediate
fusion schemes. This approach proved to be the most promising in terms of accuracy with
performance improved almost to 87% as well as better recognition of faint damage levels
such as "Moderate" that usually are barely di Cerkntiable. This proves to be the perfect
example of how spatial and spectral representations can be successfully combined for damage
recognition in structures using computer-vision.

In addition, it was explored the potential of Transformer-based architectures: in particular,
four variants of the Vision Transformer (ViT) were implemented and benchmarked, reaching



good performance with both accuracy and F1-score peaking at 88%, thereby surpassing
most CNN-based approaches on the curated dataset.

Another consistent portion of this thesis was marked by the incorporation of Al-based
classification alongside seismic capacity assessment. The conceptual framework was only
briefly mentioned and later explained with a small case study: damage factors derived from
CNN were converted into mechanical reduction factors of the sti [ndss, strength and ductility
properties of the structure according to the guidelines of FEMA 306, and were thus usable
for nonlinear structural analyses. As a result, the updated pushover curves for buildings with
di Lerknt damage levels were obtained, which enabled the residual seismic capacity to be
estimated. Experimental situations involving earthquakes were used to test the performance
of the method. The results indicate that automated visual classification can provide valuable
input for structural performance evaluation. Hence, this study moves on to the next level of
decision making in the field of structural engineering, which is the evaluation of safety after
the quake by employing a quantitative method.

Overall, the findings of this research underline that the combination of Al-based vision
techniques and structural mechanics can significantly accelerate, standardize, and objectify
post-earthquake assessment workflows. The results also show that the construction of
a tailored and rigorously annotated dataset is at least as important as model selection,
confirming that data quality is a primary driver of performance in Al-based earthquake
engineering. This thesis, therefore, contributes both a methodological framework and a
novel dataset, laying the groundwork for future developments in Al-augmented seismic risk
management and digital-twin integration.
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Chapter 1

Objectives and Background of the
Research

1.1 Post-earthquake damage assessment: Introduction and moti-
vation of the reasearch

Evaluating the destruction of the infrastructure after a seismic event is of primary importance
during the emergency management phases, following an earthquake, in which the authorities
and the technical sta stand before an overwhelming and very important work to be done in
the shortest time possible: to what extent and in which way the buildings, infrastructures,
and the components of the urbanized area are damaged. This stage of the crisis management
cycle involves not only the emergency actions (intervention, rescue, etc.) directly a ected
by it, but also it provides the basis for institutional decisions of the structural retro tting,
resilience urban planning, and socio-economic recovery strategies. Hence, post-earthquake
damage assessment (PEDA) is at the heart of the structural engineering, civil protection,
and data-driven decision-making communities [17]. The traditional method of PEDA, by
and large, has always relied heavily on primary eld surveys done by teams of local civil
and structural engineers, who employ structured evaluation checklists in their inspection
works. Among others, the most prominent national and international documents that the
technical procedures of such human-based in- eld activities refer to as their standards
are the AeDES form, used as a reference in ltaly, the FEMA 306 guidelines, which have
been developed in the United States, and the European Macroseismic Scale (EMS-98),
which determines the observed damage levels in terms of structural impairment. All these
normative systems provide a wide range of descriptions for damaged features and, at the
same time, give some design guidelines for both short-term safety and usability. All these
traditional methods, even though technically accurate and well validated, are, however, very
labor-demanding that leave room for human error and inconsistency, as well as a critical
limitation caused by the number of quali ed inspectors and the time that it takes to get
to every building a ected by the disaster, especially when the earthquake is of a large
magnitude and impacts numerous buildings, like in the case of large-scale disasters. One of
the main reasons for this change is the growing availability of high-resolution RGB imagery.
Besides that, the recent advances in Arti cial Intelligence (Al) have the potential to radically
change the way the automation is implemented, as well as the scaling of post-earthquake
inspections. In particular, deep learning methods and especially Convolutional Neural
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Networks (CNNSs) [4, 25, 24], have not only been successful but also very convincing in
terms of the extent to which they can e ciently automate the classi cation of structural
damage levels using the photographic input. These models get trained on di erent types of
damage (cracking, spalling, buckling, diagonal failure patterns) that are already labeled and
skip the process of manual feature engineering, and, in addition, the inspection time can be
scaled down from hours to a few seconds per building. In addition, the positions of CNNs
make it possible that the integration of data from di erent sources such as drone imagery,
street-level photographs, and archival documentation is feasible. Consequently, the damage
scenario can be assessed more quickly, more comprehensively, and in a scalable fashion.
Besides the bene ts, the application of vision-based Al to PEDA is still plagued by quite

a few problems that remain unresolved. Out of these are the needs for: (i) large, diverse,
and accurately labeled datasets of damaged structures under di erent lighting, angle, and
occlusion conditions; (ii) the di culty in distinguishing between visually similar damage
levels (e.g., slight versus moderate cracking); (iii) the transferability of models trained in one
geographical or construction context to another (e.g., from RC to masonry structures); and
(iv) the integration of damage classi cation outputs with engineering models for residual
capacity assessment and retro tting decisions. In this regard, this thesis work embraces a
pioneering role in pushing the envelope of Al-powered structural damage classi cation being
more robust and reliable through combining CNN-based classi cation and domain-speci ¢
knowledge derived from AeDES methodology. To sum up, the camera-based inspection
of damage after an earthquake appears as a key element in the renovation of the seismic
risk management system. Such an approach provides the means for quick, uniform, and
unbiased assessments, even those performed on a large scale and in real-time. Additionally,
the combination of a sensor with Digital Twin systems or HPC-assisted simulation settings
could facilitate the creation of advanced decision-support systems, which are considered to
be the future of disaster mitigation and sustainable urban planning.

Figure 1.1. Generic work ow for CNN-based damage classi cation from RGB images. Image from
[93].

1.2 Innovations Proposed in This Research: CNN Architectures
and Tailored Approaches for RC and Masonry Buildings
The major contribution of this doctorate research will be the generation and corroboration

of groundbreaking methods for the automated categorization of the severity of the post-
earthquake building damage by RGB pictures. The implementation of the idea mainly
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depends on a thorough examination, appraisal, and the generation of photo databases
suitable for feeding the deep learning models that are capable of di erentiating the structural
and non-structural damage features according to national (e.g. AeDES) and international
guidelines.

Initially, a thorough investigation was conducted to identify and assess the adequacy of
existing publicly available datasets. Beacause none of the existing repositories are found
to meet the optimal criteria in terms of resolution, damage labeling accuracy, building
typologies, or architectural diversity, a new dataset was developed in this research.

This was a collaborative work led by DISG (Department of Structural and Geotechnical
Engineering) and involving DIET (Department of Information Engineering, Electronics,
and Telecommunications), DIAEE (Department of Astronautical, Electrical and Energy
Engineering), and the Department of Earth Sciences (Geology) from the Sapienza University
of Rome.

The labelling process of building damages will undergo a rigorous methodology that
incorporates the expertise of structural engineers, Al image annotator tools, and geological-
geotechnical contextualization. Through this joint operation, an original, top-tier RGB image
dataset will be generated, with labels newly drawn to represent the pattern and progression of
damage in reinforced concrete (RC) and unreinforced masonry (URM) structures. This will
allow the creation of model architectures and training pipelines that are explicitly adjusted for
di erent structural materials and building types, thus enabling the identi cation of damage
signatures unique to each one of them.

From the viewpoint of methodology, the work will explore various convolutional neural
networks (CNNs) methods. It includes research that spans the whole range from CNN base
architectures to contemporary lightweight models. Some main innovations and technologies
that were taken into account in this research are as follows:

~ Standard CNN architectures

AlexNet [53], a pioneering deep CNN for large-scale image classi cation.
VGG16 and VGG19 [102], which use a deep stack of 3 convolution layers.

GoogLeNet / Inception[105], using inception modules for multi-scale feature
representation.

Xception [13], an architecture based on depthwise separable convolutions.
ResNet [36], introducing residual connections to allow for very deep networks.

" Lightweight CNN architectures for mobile and real-time applications:

MobileNetV2 [92], designed for low-resource environments.

E cientNet-BO/B1 [107], using compound scaling to balance performance and
e ciency.

~ Advanced training strategies

Gradual unfreezing [44], where pretrained layers are progressively ne-tuned.

Data augmentation and class balancingto mitigate over tting and handle
dataset imbalance.

~ Data fusion with wavelet transforms
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Fusion of RGB image features with Discrete Wavelet Transform (DWT) coe -
cients [63], to capture both spatial and frequency information.

" Transformer-based and generative models

Vision Transformer (ViT) [22], which replaces convolution with self-attention
mechanisms for global context modeling.

Deep Autoencodertrained to learn a compressed latent representation of the
input images for damage classi cation.

Such techniques will serve as a basis for performance optimization experiments in order
to achieve the best results in classi cation of damage severity levels, distinguishing between
the methods of the RC and masonry buildings, and also in enhancing their real-world
adaptability under the post-disaster scenario. This will ultimately enable the designed
framework to be a reliable Al-assisted pipeline for post-earthquake structural assessment
that eases tasks related to emergency response and digital twin recalibration.

Table 1.1. Overview of the techniques and models considered in this research.

Method / Architec- Description
ture

AlexNet [53] Early deep CNN architecture for image classi cation.
VGG16/VGG19[102] Very deep networks using 3 convolutions.

GoogLeNet/ Inception Inception modules enabling multi-scale feature extraction.
[105]

Xception [13] Optimized Inception with depth-wise separable convolu-
tions.
ResNet [36] Deep networks with residual (skip) connections to enable

training of very deep models.

MobileNetV2 [92] Lightweight architecture optimized for mobile / embedded
deployment.

E cientNet [107] Compound scaling of depth, width, and resolution for
accuracy-e ciency trade-o .

Gradual Unfreezing Transfer-learning strategy: progressively unfreeze layers

[44] during ne-tuning.

Wavelet Fusion [63] Combines spatial and frequency domain features via wavelet

transforms.
Vision Transformer Self-attention based model originally from transformer ar-
[22] chitectures for images.

Deep Autoencoder Learns compressed latent representation and reconstruction;
used here for dimensionality reduction / feature extraction.

1.3 Context of the research: The CN1 Spoke 5 project, Environ-
mental and Natural Disasters

This study is a component of the scienti ¢ and technological framework of the CN1 National
Research Center on High-Performance Computing, Big Data and Quantum Computing, a
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core project of the Italian National Recovery and Resilience Plan (PNRR), supported by the
Next Generation EU program of the European Union. Among the various thematic directions
delineated within CN1, Spoke 5 is particularly focused on the study of "Environment
and Natural Disasters" with the strategic objective of introducing new methodologies and
operational platforms for hazard modeling, risk quanti cation, impact forecasting, and
mitigation planning. Spoke 5's goal is to develop a comprehensive, multi-scale, and multi-
disciplinary paradigm that could provide a better understanding of the phenomena cascade
triggered by natural hazards earthquakes, landslides, oods, and extreme meteorological
events, particularly those that are interwoven with the built environment. The Italian
scienti c community has largely documented risk assessment through the production of
various literatures and practical frameworks during the last few decades. For instance, the
authors Pampanin et al. (2025) [78] recently published papers, have also shown the need for
integrated platforms capable of combining data of di erent types and scales in the geological,
geophysical, structural, and socio-economic elds as a main challenge. In response to this
challenge, Spoke 5 o ers a high- delity, scenario-based approach that enables the detailed
simulation of the spatial and temporal evolution of complex multi-hazard sequences, starting
from seismic rupture modeling and further propagation of site ampli cation, cascading

e ects (e.g., landslides), and systemic urban impact. The "domino-like" interaction is the
new feature: the in uence of each occurrence is spread through the interconnected urban
layers which are for instance, the building stock, water supply systems, and transportation
networks that consequently lead o to measurable risk indicators which are of help in the area
of civil protection and public policy. A fundamental element of Spoke 5 is the creation of a
proof-of-concept (PoC) demonstrator, which is based on the idea of a Virtual Test Bed (VTB).
This virtual urban environment, albeit not directly correlated to a real city, aims to depict the
complexity and heterogeneity of standard Italian urban fabrics in areas a ected by seismic
activities. The PoC showcases the diverse structural typologies (e.qg., reinforced concrete,
unreinforced masonry, steel, timber) and the critical infrastructure, which are situated in
a geo-referenced terrain with an accurate topography and stratigraphy sourced from the
Campotosto area in the Central Apennines. In this setting, the high-resolution numerical
simulations are achieved by employing the deterministic earthquake scenarios which involve
3D fault rupture models, site-response ampli cation through nite element analysis, and
landslide hazard estimation via the PARSIFAL toolchain. Moreover, the Al-driven structural
damage classi ers such as the CNN models developed in this thesis, which are installed on
top of these geophysical outputs, make the easiest link between the damage assessment and
the post-earthquake structural Capacity recalibration.

The integrated work ow of Spoke 5 through the computational infrastructure of CN1,
particularly its HPC and big data capabilities, has risk assessment versatility that ranges
from the coarsest to the most detailed work. The rapid typological assessments with census
data are one end of the spectrum, while prototyping the Digital Twin for the buildings of
strategic nature with the actual design, inspection, and damage occurrence are at the other
end. Within this framework, Al-based image classi cation tools are there to provide damage
assessment both as separate modules and as post-event model calibration facilitators: by
converting visual representation into probability estimates of the residual structural capacity,
they become the device that allows the structural behavior of the digital twin to be changed
instantly. Eventually, the sensible interpretation of Spoke 5 is beyond just the academic
or theoretical aspects. In fact, the whole integrated modeling proposed is the very tool to
act as the operational dashboard of high level decision makers i.e., public authorities and
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Figure 1.2. CN1 Sapienza Spoke5 - Integrated multidisciplinary work ow, from simulating
earthquake sources to conducting risk assessments and implementing mitigation strategies.
Image from [78].

emergency planners. By forecasting realistic situations that may occur in the future and
by testing the pro ciency of the mitigation strategies (for example retro tting, emergency
logistics, and zoning policies), it becomes a co-creator of resilient cities capable of surviving
multi-hazard crises and recovering. Image-based damage classi cation is a vital constituent
of this modular system as its presence guarantees that any damage-related ground-truth
information can be collected, made available in a processed form, and included almost
instantly, thus allowing the risk governance paradigm to be dynamic and responsive.

1.4 Speci c details of the CN1-Spoke 5 framework and method-
ology

The CN1-Spoke 5 project, a part of the Italian National Recovery and Resilience Plan (PNRR),
is conceived to de ne a methodology that is integrated, scalable, and interdisciplinary for the
estimation and treatment of the natural hazards impact, especially the seismic events, on the
built environment.A major breakthrough of this research is a comprehensive scenario-based
multi-risk work ow that bridges the gap between the functions of geophysical simulation,
site response analysis, urban vulnerability modeling, and mitigation strategy planning
into a continuous pipeline. The basic design for the method is the idea of "domino-like"
chain of causality where the rst step is the simulation of multiple kinematic earthquake
rupture scenarios based on fault systems such as the Gorzano fault in Central Italy. The
simulations also feature heterogeneously distributed slips which are produced by using von
Karman correlation functions, and the time-dependent rupture dynamics are illustrated
by Regularized-Yo e source-time functions [109]. The optimization of the set of model
parameters - slip, rise time, and nucleation location - is done to give a seismic input spectrum
that is realistic for the next part of the engineering work [58]. Next, these ground motions
are transmitted through di erent geological layers on the locations by numerical models that
are precise. They use the Digital Terrain Models (DTMs) and morphological classi cation
tools like Geomorphons [49] for measuring the topographic ampli cation. The sources
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for stratigraphic ampli cation are ve detailed geological cross-sections in 2D which are
discretized by nite element simulations with viscoelastic rheology and variable soil sti ness.
Such simulations provide the location-speci ¢ ground motions - the accelerations, velocities,
and spectra that are used for input in structural as well as infrastructural vulnerability analysis.
One of the principal examples treated by the PARSIFAL framework is that of cascading
disasters such as earthquake-induced landslides, which allows the local geomorphology-
based distribution of the hazard and the triggering seismic conditions. In this way, the
authors are able to generate the rst comprehensive scenarios of the hazard that include not
only the rst-time failures but also those reactivations of the already unstable states [78].
The multi-scale modeling of urban systems as layered, interdependent networks is one of
the key features of the CN1 methodology that sets it apart from other works. Buildings,
lifelines, and infrastructure systems (e.g., water, transportation) are considered as coupled
components whose interactions are regulated by the master-slave logic: for instance, the
damaged buildings may make the roads unusable due to fallen debris [67]. By this, the loss
of each urban layer can be evaluated both in terms of direct losses (e.g., repair costs) and
indirect losses (e.g., service disruption), therefore, it is possible to estimate the values of
several performance indices such as fatalities, the amount of economic loss, and the time
of restoration. On the basis of available data and importance, di erent depths of analytical
re nement can be chosen for each structural component. Typological methods to advanced
nonlinear dynamic simulations (NLTHA) can be used for all the components, while, in
some particular cases, the authors even go as far as turning digital twin representations of
the structures into reality. These digital twins meld all the speci cs of the geometry and
the material with real-time monitoring in their subsequent editions [78]. The demonstrator
PoC (Proof-of-Concept) is a Virtual Test Bed (VTB) implementation that represents the
Campotosto area, a seismically active basin in Central Italy with complex geological and
tectonic features. The urban fabric comprises 177 building archetypes, which represent
di erent typologies (RC, masonry, steel, timber), and have been modeled using OpenSees
and 3Muri software for non-linear seismic analysis [78]. Roads and water networks are
also part of the infrastructure layers, but more attention has been paid to their interactions
with the local topography and hazard scenarios. In particular, this design is a step towards
integrating, in the near future, CNN-based vision systems for automating the classi cation
of post-earthquake damage to building components from RGB images. These systems learn
through labeled datasets that follow the AeDES classi cation scale [78], making damage
assessments quick, unbiased, and scalable. Such ndings do not only facilitate the work of
emergency operators on the ground but are also used as dynamic inputs for updating the
structural models in the digital twin architecture. To perform the complete job the HPC
environment of the CN1 National Centre [78] was used, which allowed the demonstration of
the complex hazard chains and their probabilistic impact scenarios over extensive datasets.
The merging of Al, earth sciences, and structural engineering through this system, provides
a decisive modulating platform of the civil protection forces, technical sta, and the political
decision-makers engaged in the reduction of disaster risk and urban resilience planning.
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Figure 1.3. Visual overview of the PoC demonstrator, integrating geological setting, infrastructure
elements (building stock, roads, water systems), and sampled structural numerical models. Image
adapted from [78].

1.5 The Role of Damage Assessment and Structural Capacity Re-
calibration of Buildings within the Digital Twin Framework

One of the key technological advancements that is gaining traction as a major performer
in the post-earthquake scenario is the use of digital twin environments integrated with
vision-based damage assessment techniques. The traditional ways of evaluation of structures
after an event do not entirely depend on the visual inspections alone but also on the analytical
back-calculations. These are, in essence, very reliable but still, they take a lot of time and in
large-scale emergencies, they are usually not feasible. To overcome the above constraints,
deep learning tools have been advocated, mainly convolutional neural networks, to pave
the way from image-based damage recognition to the quantitative evaluation of residual
structural capacity. The idea of Ji et al. [2023], linking the digital twin concept as a unifying
methodology for going from the visual identi cation of seismic damage to the numerical
safety assessment of the structure, is the very heart of the paper [50].

As shown in Figure 1.4, the conceptual work ow starts with capturing RGB images
of a reinforced concrete (RC) structure after a seismic event. Such images are inputs of
a CNN model, which is pre-trained and ne-tuned on a labeled dataset derived from the
shaking table experiments to classify and localize damage features e.g., spalling of concrete,
crack propagation, and degradation of joints. After the visual damage is classi ed, the
framework's next step is to employ these class labels in updating the nite element (FE)
model of the structure, thus rede ning the sti ness and strength parameters of the individual
elements (e.g., plastic hinge rotation capacity, post-yield sti ness degradation). With this,
the simulation of residual load-bearing capacity under seismic or gravitational demands can
be done depending on the speci ¢ damage scenario detected by the vision system.
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Figure 1.4. Work ow diagram for vision-driven post-earthquake residual capacity evaluation of
reinforced concrete structures. Image adapted from [50, 94].

The Visual Damage State Identi cation and Residual Performance Assessment framework
by Ji et al. marks a signi cant step towards the implementation of machine-vision-based
automated and quantitative residual performance assessment systems. The experiment setup
of their research involved a ve-storey RC frame, which was gradually shaken in incremental
shaking table tests. This not only allowed seismic damage evolution to be captured under
controlled excitation but also created the basis for a high- delity dataset. The images-based
CNN model achieved high accuracy in the detection and separation of di erent levels of
degradation of a structure. More importantly, the damage-informed FE model updates
enabled the prediction of the residual inter-storey drift capacity and the energy dissipation
potential that are the two key indicators, in the safety assessment of structures after an
earthquake, with great reliability.

Using deep learning (convolutional neural networks, CNNs) for damage detection,
classi cation, and severity estimation represents a paradigm shift in the way rst responders
and structural engineers might typically work after a seismic event. Scenario-based research
is presented to demonstrate how state-of-the-art Al methodologies can be realistically
embedded as a crucial part of DT-enabled urban risk resiliency strategies, which involve
continuous performance assessment of critical infrastructure through rapid in situ visual
inspection post-earthquake. These Al-enabled work ows not only bring the potential for
near real-time operational intelligence but also allow for epistemic uncertainty quanti cation
during structural reliability recalibration via physics-based FE simulations coupled with
Bayesian updating.

Such implications become even more prominent if we look through the lens of the
CN1-Spoke 5 project and this doctoral research. The very conduct of integrating damage
classi cation models with numerical structural simulators is reshaping the digital twin
framework for urban-scale risk evaluation. This method allows for on-the- y or almost
on-the- y updating of the structural state of the most vital assets from the visual data
collected in the eld, thus engineers and decision-makers can move on from just tagging
the damage to dynamic recalibration of structural reliability. Here, not only is the time
of emergency response (e.g., prioritization of inspection or repair) decreased, but also the
scenario-based risk modeling in the presence of epistemic uncertainties caused by damage
becomes much more accurate.

Ultimately, the use of Al-driven vision systems for residual capacity estimation enables a
transformative shift in how post-earthquake safety assessments are conducted. By embedding
this approach into the DT-based urban modeling environment described in Section 1.4, the
output of CNN models, whether trained on experimental or real-world imagery, can serve as
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a direct input for the reassessment of performance-based safety levels of individual buildings
or clusters. This lays the groundwork for adaptive, data-driven, and scalable methodologies
for post-event structural diagnostics and decision-making.
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Chapter 2

Determination of Post-Earthquake
Damage Levels

2.1 Seismic Hazards and Damage Mechanisms in Structures

Earthquakes are among the most devastating natural disasters, capable of causing widespread
damage to the built environment. The seismic vibrations can lead to the generation of inertial
forces within structures that can be of such a level that they overwhelm the buildings' design
capacity, hence causing di erent kinds of damage. These damages can extend to those
structural elementslike reinforced concrete frames, masonry walls, columns, beams, and
slabs, andhon-structural componentssuch as in Il panels, internal partitions, facades, and
mechanical systems. Certainly, if the earthquakes are minor, they might not cause anything
more than some super cial cracks in plaster or in Il panels, but in case the seismic events
become more intense, they can lead to the most severe damage of the load-bearing elements,
which is isolation of the elements by cracking, spalling, and at the fracturing of concrete

in which the rebar is initially exposed to be followed by the reinforcements being unbent
and in the case of partial or complete collapse. After an earthquake has hit, the condition of
the structural elements should be checked as soon as possible and in the most correct way
for the sake of guiding the emergency response, allocating the areas with the most rescuing
operations, and making decisions regarding the evacuation of buildings, the use of temporary
shoring, and long-term rehabilitation. Therefore, the classi cation of damage resulted from
the earthquake is the most basic phase in managing the risk of seismic occurrences [78, 94].
Damage can be categorized in general as follows:

"~ Structural damage: A ecting load-bearing components, including beams, columns,
walls, and slabs. Typical indicators include diagonal cracks, crushing of concrete,
detachment of the protective cover, bar buckling, excessive deformations, and in severe
cases, partial or total collapse.

" Non-structural damage: Non-structural damage means those changes that do not
contribute to seismic resistance of the building, for instance, masonry in lls, partition
walls, windows, xtures, cladding, chimneys, and installations. They can show small
plaster cracks, detachment of panels, and falling hazards. Even though they do not
reduce structural stability, they can lead to people getting injured and economic losses.
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For making sure that damage assessment procedures are standardized and that they can
support decision-making, various international frameworks use multi-level damage severity
classi cation. Usually, three levels are taken into consideration:

~ Slight damage: Slight damage is referred to as super cial or localized damage that
mainly impacts non-structural elements or nishes (e.g., hairline cracks in plaster or
minor damage to in Il walls). The rst and foremost point that should be noted is that
structural integrity is not a ected.

Moderate damage: The description of moderate damage can involve the expansion
of cracks both in the range of deeper or wider ones in the structural components, the
occurrence of localized concrete crushing, as well as partial detachment of masonry
walls. The load-bearing capacity decreases, but the structure is still standing.

Heavy (severe) damageBy heavy damage, the loss of structural integrity that is
concerning major aspects such as, signi cant cracking, widespread spalling, surface
damage, and buckling of elements, and partial collapses is meant. The rst stage of
help including taking down of the building can be allowed [50].

This chapter reviews the main international and national post-earthquake damage classi cation
frameworks with an emphasis on their terminology, criteria, and application. The last section
is devoted to the reasons for using three damage classesliglet,moderate andheavy in
agreement with the Italian AeDES form.

2.2 Overview of PostEarthquake Damage Classi cation Stan-
dards

All over the world, di erent organizations and professional communities have come up with
various damage classi cation systems to assess buildings after earthquakes in a uniform
manner. These frameworks are a way to ensure that there is a certain level of consistency in
the eld inspection and also, they serve as atool for an easy, fair, and reliable decision-making
under crisis situations. Some of the most signi cant are:

FEMA 306 (USA) A classi cation system in the U.S. that steers evaluators to
de ne the damage levels through both structural and non-structural components.

EMS-98 (Europe) The European Macroseismic Scale is an extensively used model
that determines the degree of structural damage and the corresponding potential use
of the a ected property within the limits of the ve categories of damage, thus it leads

to the standardization of the reporting system of the macroseismic studies.

JBDPA (Japan) A fault classi cation framework established by the Japanese
Building Disaster Prevention Association that is closely related to local construction
types and seismic resilience.

TCIP-DAM (Turkey) A damage evaluation methodology designed for on-site quick
assessment of reinforced concrete and masonry buildings for the Turkish Catastrophe
Insurance Pool to use after severe earthquakes in Turkey.
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" NZSEE (New Zealand) A guideline for post-disaster assessment released by the
New Zealand Society for Earthquake Engineering, which describes the rapid safety
placarding system to classify building usability following seismic emergencies.

" AeDES (Italy) The Italian national standard for damage and usability assessment
in emergencies, which is the principal reference in post-earthquake inspections carried
out by civil protection authorities.

This brief introduction outlines the major globally recognized rules, the whole set of
principles being the basis for planning an immediate and typical damage evaluation process
after an earthquake.

2.2.1 FEMA 306 (USA)

In the US, post-earthquake on-site assessment teams refer to FEM&&06ation of
Earthquake Damaged Concrete and Masonry Wall Buildings Basic Procedures Manual
as their main guide published in 1998 [23]. The latter manual is basically an instructional
material which explains in detail the methods of how the residual capacity of buildings is
determined by the extent of the reduction applied to the sti ness, strength, and ductility of
the concerned structural elements In the rst place the document, that is, FEM306 identi es
the damage categories visually and descriptively with four gradations:

~

Negligible (no signi cant damage)An instance of this category is such damage
pattern that no capacity change can be linked to the unit.

Slight: The kinds of damage included in this category are those characterized by the
appearance of a few cracks, minor structural impairment.

Moderate: Enlarged cracks, some decrease in load-bearing capacity are the features
of damaged structures ranked under this category.

Severe: Such damage as penetration of the cover, the breakdown of the system load
capacity, the transition to instability is the group of extensive damage nearing the
collapse of the structure.

On each damage class, representative diagrams and parameters indicating conservation
of capacity are presented. The latter examples are simply an engineer's help, or a base,
for updating the structural model used for nonlinear analyses. The pictures of damage
(e.g., concrete crushing, cracking, and reinforcement exposure) are visually compared with
descriptive matrices, thus enabling a semi-quantitative estimation of structural performance
degradation [23] to be carried out.

2.2.2 EMS-98 (Europe)

The European Macroseismic Scale (EMS-98) [34] is an essential tool in both seismology
and civil engineering, as it allows building damage and seismic intensity to be quanti ed

in a standard way. The concept of damage to the structural part of the building is one of
the main issues addressed in the EMS-98 and it has been approached by dividing structural
damage into ve categories or grades:
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Grade 1 (Negligible to slight damage) The most common defect is the appearance
of very ne cracks in the plaster of internal walls and no damage to the structure.

Grade 2 (Moderate damage) Small cracks are visible in the load-bearing elements
of the structural frame of the building (e.g. concrete beams and columns).

Grade 3 (Substantial to heavy damage) The description here is of such types
of damage as the breaking of the main structural elements into large pieces, the
detachment both of the structural and non-structural parts, etc.

Grade 4 (Very heavy damage) Intense structural distress is present in the building
and at least some parts of it have collapsed.

Grade 5 (Destruction) Most probably, there is the near or complete structural failure
of the building.

Besides, these levels are illustrated with characters depicted in the visual damage and
the textual descriptions. The EMS-98 scale is considered as one of the reference scales for
the scienti ¢ studies and the scales used in operations after the disaster in many countries in
Europe are based on it. It also has a role in the evolution of national instruments like the
AeDES form in Italy.

2.2.3 JBDPA (Japan)

The Japanese method predominantly steered by the Japan Building Disaster Prevention Asso-
ciation (JBDPA) encompassed a ve-tier damage grouping system that was characteristically
tted for reinforced concrete structures [60]. The system depicts the changes in the damage
features of the structure from the category of Class | (minor damage) to that of Class V
(severe damage or near-collapse).

It is worth noting that every level in this system is linked with a numerical factor of
performance reduction that allows the modi cation of structural models of capacity after
an earthquake event. Accordingly, for their non-linear modeling, engineers here employ
the weakened e ciency values as they take into account the phenomena of cracking, joint
failure, or plastic hinge rotations which have been observed [60, 11].

Element-level damage:

JBDPA guidelines specify the damage characteristics of cracked concrete cover and steel
corrosion as the main observed parameters for damage classi cation of reinforced concrete
members [61, 60]:

" Class | Only very ne surface cracks; the crack widths are less than 0.2 mm; no
concrete spalling or exposure of reinforcement.

" Class Il The cracks with a width of 0.2 mm to 1 mm were described; aking of
concrete cover was minor, and initial signs of spalling were present.

" Class Il The main cracks of no more than 2 mm and more than 1 mm were described;
alongside concrete spalling of a moderate extent, steel reinforcement is partially
exposed.
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" Class IV The main cracks even more than 2 mm in width, considerable spalling
were found; as a result of exposure of reinforcing bars, there may be an onset of rebar
deformation besides being a ected by corrosion.

" Class V Buckling of reinforcement, crushing of core concrete, and vertical deforma-
tion constitute the severe damage symptoms; the damaged structure may demonstrate
side-sway, partial collapse, or bar fracture.

In reality, Class | mostly means no visible damage; Class Il is related to minor cracking
or spalling; Class Il describes cases of conspicuous cracking with some degree of cover loss;
Class IV is mainly characterized by severe cracking, spalling, or reinforcement buckling;
while Class V is typically associated with collapse or total loss of structural capacity.
Experimentally, researchers have determined reduction factors related to di erent damage
classes; for example, reinforced concrete columns belonging to Class | would be able to
keep up to 95% of their strength, and columns from Class IV possibly only close to 10% of
their strength, while those from Class V retain almost no strength [11]. The use of these
parameters in nonlinear simulation allows the implementation of a method for evaluating
post-earthquake performance of RC elements with the help of damage distribution maps as
well as the high accuracy of damage estimating in structural assessment work ows.

2.2.4 TCIP-DAM (Turkey)

Following the 1999 great earthquakes, Turkey regulated the procedures for the damage
assessment after the earthquake through the Turkish Catastrophe Insurance Pool (TCIP) and
introduced the TCIP-DAM method in 2020 [47].
The new classi cation protocol of TCHDAM features two complementary categories:
Building-level damage:

" No Damage
~ Slight Damage
" Moderate Damage
" Severe Damage
Urgent Demolition

" Collapse

Elementlevel damage: Individual structural elements such as beams and columns are
categorized from Type O (undamaged) through to Type D (collapsed), based on observed
degradation indicators.

" Type O: No visible damage.

" Type A C: Increasing severity of damage - e.g., cover spalling, shear or exural
cracking, buckling of reinforcement, or core crushing.

" Type D: Represents catastrophic damage, including member collapse or total loss of
load-bearing capacity.
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Among other points of interest, TCIBAM-2020 very explicitly sets out the criteria
for when a building should be judged to be Heavily Damaged, namely that at least three
vertical RC elements must have concrete cover failure, or only one vertical element must have
reinforcement buckling, crushing, or large residual drift This stepwise, component-based
method allows for a quick, objective damage rating, which is a great advantage for vast-scale
post-disaster activities, and also provides assistance for making the right decisions in terms
of repair, retro t, or demolition.

This method is applicable in technical inspections and insurance compensation assess-
ments, and it can be identically used in both residential and public buildings.

2.2.5 NZSEE (New Zealand)

Back in 2009, the New Zealand Society for Earthquake Engineering (NZSEE) put out
the "Building Safety Evaluation During a State of Emergency Guidelines for Territorial
Authorities," that not only set a uniform rapid assessment procedure after any calamity
but also provided detailed recommendations on the scope, categories, and roles of the
assessment team [71]. Territorial Authorities were the target audience for these instructions,
which mainly dealt with the initial on-site inspection of the building's safety condition.

A three-class placarding system was proposed in the document, very much like the U.S.
ATC-20 approach concept, but the terminology used was di erent:

" Green (Inspected): The building is safe for the activities it was designed for and
maintenance programs will continue as expected.

"~ Yellow (Restricted Access): The structure can be accessed by authorized persons only,
with safety limitations and under the supervision of a trained person, until further
studies are conducted.

" Red (Unsafe): Because of the probable high existence of structural hazards due to
which the building might collapse, causing abrupt, fatal accidents, extreme caution
must be taken so very importantly no human should be allowed to enter the area.

Although NZSEE (New Zealand Society for Earthquake Engineering) guidelines have
largely been revised since the rst seismic events in Canterbury, NZSEE (New Zealand)
protocols are still not there yet in terms of a structural element-level classi cation framework
(columns, walls, beams) basis for gradation of damage in engineering evaluation of a
post-earthquake scenario. The current methods implemented mainly concentrate on whole-
building placarding along with usability categories that are grades of damage of separate
components rather than evaluation of those components.

2.3 The AeDES Form and National Italian Guidelines

The AeDES form [5] used in Italy to identify the damaged structures after an earthquake
is the format of theAeDESform, an abbreviation foAgibilita e Danno nellEmergenza
Sismica which means "Usability and Damage in Seismic Emergency." GNDT (National
Group for the Defence against Earthquakes) and the Italian Department of Civil Protection
(Protezione Civile) worked together to create this standardized tool in the late 1990s, and it
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was rst used in the entire country after the seismic events of Umbria-Marche in 1997 and
institutionalized after the 2002 Molise earthquake.

The purpose of the AeDES form was to lead the procedure of the quick but systematic
survey of buildings damaged by earthquakes, mainly those related to the usability of structures
and damage to both the structural and the non-structural parts of the buildings.

In fact, the form is also a comprehensive data collection and classi cation tool that
supports decision-making on whether buildings should be evacuated, restricted in access, or
can remain safely in use or not.

2.3.1 AeDES Form Damage Classes

The AeDES form is divided into nine thematic blocks with the rst referring to the general
metadata of the building and the second to the geographical location of the building. In the
third section, construction typology is described, while structural damage is the main focus
of the fourth section dealing with damage to beams, columns, walls, and slabs. Damage to
the non-structural parts is explained in the fth section. In the sixth and seventh parts, the
presence of short-term hazards and the overall judgment of usability are given respectively.
The peculiarity of the AeDES form is its linkage to the European Macroseismic Scale
EMS-98, which is the source of a simpli ed damage severity classi cation presented in the
form. The EMS-98 scale contains ve damage grades, from D1 to D5. AeDES, however,
merges these into three main severity levels to make the practical use in the eld more
straightforward [5]:

~ Slight damage (corresponding to EMS-98 D1): Hairline cracks in plaster, non-
structural damage without impairment of structural elements.

" Moderate damage(corresponding to EMS-98 D2 D3): Visible cracking in beams
and columns, detachment of in Il walls, moderate deformation of structural joints,
partial spalling of concrete.

~ Heavy damage(corresponding to EMS-98 D4 D5): Severe structural failure such as
large cracks, instability, buckling of reinforcement, or partial collapse of components.

Figure 2.1. The (ltalian) AeDES form: damage levels for each structural element [5].
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Table 2.1. AeDES damage level classi cation and description of the observed damage to structural
and non-structural components [5].

Damage level Description
D1 Beams: crack width 1 mm (not vertical)
Negligible to slight damage Columns or walls: crack widt.5 mm (not vertical)
In Il walls: diagonal cracks 1 mm (up to 2 mm if at the frame interface)
D2 D3 Beams: cracks =4 5 mm
Moderate/Substantial to Columns: cracks =2 3 mm
heavy damage Imperceptible leaning

Incipient buckling of reinforcing bars

Concrete cover spalling

In Il walls: diagonal cracks up to a few mm, evident crushing at the
corners in contact

D4 D5 Collapse or inclination more than 1%
Very heavy/Collapse damage Beams: cracksmm

Columns: cracks 3 mm

Buckling of reinforcing bars

AeDES classi cation is independently applied to each and every structural and non-
structural element of the building such as vertical bearing systems (walls, columns), horizontal
systems (slabs, beams), staircases, roof elements, and secondary systems. The judgment
of each element is based on direct observation and the damage class representing the
corresponding damage are assigned, thus the building is made local damage pro les from
the combination of the categories. This information is crucial for the correct drawing of
the outline of activities, of the kinds of interventions, of the emergency planning, and of
post-earthquake retro tting programs.

Moreover, the AeDES form is an invaluable source for scienti ¢ research and Al
applications. Its widespread use over decades has led to the creation of rich national damage
databases, which have been exploited in probabilistic seismic risk models, fragility curve
calibration, and now, increasingly, in machine learning frameworks for automatic damage
detection.

The reason that our research uses the AeDES classi cation as the baseline for all
re-labeled images in our dataset is to ensure that the data and the Al models trained on it are
consistent with the o cial national standards for post-earthquake assessment [94].

2.3.2 Potential Applications of AeDES Data for Global Building Damage
Classi cation via Machine Learning

One of the recent research works shows that the granular damage data captured with the help
of the AeDES form- which was originally designed for per-element usability assessments- can
not only be combined but also can be used to classify damage severity at the whole-building
level by using machine learning (ML) technigues. For example, Aloisio et al. (2024) have
shown how ML models developed on AeDES-derived eld evaluations of the 2016 2017
Central Italy earthquakes can provide accurate predictions regarding a building's overall
usability state, such as safe, restricted, or not usable [1]. The proposed approach is supported
by two main reasons:

" Element-to-Building Translation: The ML model can aggregate damage / fault
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Figure 2.2. Damage level on building scale: (D4/D5) - Collapse or inclination more than 1%. Image
from [5]

Figure 2.3. Damage level to single structural element (vertical structures): (D4) - Damage to the
beam-column joint with concrete spalling and Crushing of the in Il panel. Image from [5]
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indicators from the smallest unit of components (e.g., beams, columns, in Il walls)
and then it can gure out the degree of damage to the whole structure more than what
conventional rule-based aggregation can do.

~ Automation for Rapid Response: By employing data-driven algorithms (e.g., random
forests, support vector machines, neural networks), one can carry out the assessments
faster and on a larger scale, which is very important in the case of post-earthquake
emergencies when rapid decisions are required.

By using AeDES data in ML work ows, researchers can locate global damage states of
the houses with the same or even higher accuracy as traditional methods that allow systematic,
scalable, and automated damage evaluation strategies. Such an approach is fully consistent
with the current study objectives where the annotations made with the help of AeDES are
used to train the vision-based, Al-driven models for damage classi cation following the
Italian standards of structural assessment.

2.4 Selection of Damage Levels for This Research

Figure 2.4. Damage scale comparison.

Considering the di erent regulatory frameworks and damage classi cation scales, for
this work it was decided to use a damage scale similar to the AeDES system, with the main
characteristics of the damage divided into three levels: the rst level is minor damage, the
second - moderate damage, and the third - heavy damage. The scienti ¢ and practical
considerations are the basis of this decision. One of these grounds is the correspondence of
the AeDES criteria to the Italian standards, achieved through the Italian standard classi cation
system, as it is illustrated in this paper [94].

As mentioned before, the AeDES form is instrumental in damage classi cation, the
categories oslight moderate andheavybeing those that it employs. The most straightfor-
ward way to make the results of our research comparable to eld reports is to have the same
levels. In addition, this allows for as much applicability as one can consider: the tools and
methodologies that this research creates may get directly integrated into or be part of the
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support of the activities of the post-earthquake on-site inspection, etc. Here the "language"
is not di erent, the one used in the Italian seismic emergency system is the exact one [94].

Moreover, by summarizing the damage types to only the three main categories, the
damage evaluation through the automated system can be facilitated as well. Many recent
studies on the application of computer vision algorithms - especially the convolutional neural
networks (CNNSs) - for damage recognition have demonstrated that when there are too many
categories of damages to discriminate, it is very likely to get ambiguous results, particularly
in the cases of slight and moderate damage [93]. Labeling with three easily distinguishable
classes not only enables the training of more reliable classi ers but also reduces the amount
of uncertainty in those cases where the borders are crossed.

In particular, the dataset of images of the structural damage such as cracks, partial
collapses, spalling, etc. was reclassi ed according to the AeDES criteria of the following
categoriesSlight Moderate andHeavy This sets a clear and standardized data basis to
automatically train our algorithms of classi cation and also to verify their performance [94,
93].

This decision to simplify the damage range also enables easier veri cation of the
classi cation results. For example, if a CNN-based model categorizes a particular structural
damage as thieeavyclass, then this corresponds without any doubt to an "H" level (heavy
damage) in the AeDES form, thus comparison between automated and manual assessments
is very easy.

On the ground, going three levels deep in the case of damage in di erent structural
components (e.g., column, beam, wall) will give the possibility to tag an element as one
of the following: intact or slightly damaged, moderately damaged, seriously compromised.
Thereby, such resolution at the element level is of particular importance as in most cases, the
nal decision on the reusability of a building is heavily reliant on the component, which
has su ered the most drastic damage (i.e., the structural "weakest link"). Hence a type of
automatic system that is able to spot the few critical parts with heavy damage in a building
that is quite lightly a ected can be of great help in directing the evacuation of the inspecting
team to the area and also prioritizing the interventions of the time-critical facilities.

In conclusion, it is evident from Table 2.2 that the classi cation of levels of damage into
three categories, which was implemented in this study with the AeDES method as its basis,
can be considered the most suitable choice that balances the criteria of accuracy, compliance
with other standards, and functional value in facilitating the work of the technical sta in the
aftermath of an earthquake crisis.

2.5 Final Considerations on the Adopted Damage Levels for This
Research

This chapter has addressed the topic of post-earthquake damage level determination by
reviewing major international frameworks (FEMA in the United States, EMS-98 in Europe,
JBDPA in Japan, and the TCIP protocol in Turkey), as well as the Italian AeDES method. A
comparative study of the abovementioned standards shows that all of them de ne the same
basic damage levels albeit in di erent technical details. Hence, the main correspondence
between the damage categories in the di erent systems (espeslighy, moderate and
heavy/sevepes evident not only in terms of the regions addressed but also the types of
organizations involved. Such matching is not at all accidental; on the contrary, it truly re ects
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Table 2.2. International Damage Classi cation Systems and Their Mapping to AeDES Classes

Framework Original Damage Levels Mapped to AeDES Classes
FEMA 306 (USA) None, Slight, Moderate, Se- Slight Slight; Moderate
vere Moderate; Severe Heavy

EMS-98 (Europe) D1 (Negligible), D2 (Moder- D1 Slight; D2 D3
ate), D3 (Heavy), D4 (Very Moderate; D4 D5 Heavy
Heavy), D5 (Collapse)

JBDPA (Japan) Damage Classes | through V Classes | Il Slight; llI
based on increasing cracking Moderate; IVV ~ Heavy
and deterioration, with asso-
ciated reduction factors

TCIP-DAM (Turkey) No Damage, Slight, Moder- Slight Slight; Moderate
ate, Heavy, Urgent Demoli- Moderate; Heavy/Urgent De-
tion, Collapse molition/Collapse Heavy

AeDES (ltaly) Slight, Moderate, Heavy Adopted directly in this re-
(simpli ed from EMS-98) search

a common requirement for damage assessments that are both easy-to-understand and apply
and that also provide a su ciently detailed description of the structures damaged by the
earthquake. The emergency actions that will be taken rely heavily on the damage scale used,;
if scales are too simplistic (e.g., usable/unusable), vital information may not be captured,
while too detailed ( ve or more levels) may hinder the work of the rater and the harmony of
rater's conclusions. The approach embraced in this work to use three-level damage scale
(slight, moderate heavy as per the AeDES form constitutes a very balanced and proper
solution drawn from the Italian emergency experience yet it can be implemented worldwide.
Also, by resorting to the AeDES scale, the Al-driven classi cation tools that will be used
become compatible with the paper-based forms spoken "language” and the communication
that is both traditional and digital is made easier and more consistent due to the coexistence
of these two work ows. The decision guarantees:

" Observance of national emergency protocols
" Harmonization with the data of the eld inspection
" Easier training goals for CNN models, as there are no more minor ambiguities

" Element-wise labeling facilitating the update of the digital twin and the prioritization
of risk

This approach will form the backbone of the classi cation systems that rely on vision
and that have been developed in the present research. It enables direct support to eld
engineers, real-time decision-making, and integration into national digital twin platforms
for post-seismic structural evaluation.Moreover, having three di erent classes can give the
model a stable performance even with a small number of images per class, and it can also
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reduce the problem of classi cation uncertainty that is usually encountered when the class
boundaries are close [94]. Hence, by linking Al-generated labels to AeDES-compliant
terminology, this framework can disconnect computer vision-based automated systems from
operational eld work ows. To sum up, the step of adopting a uni ed three-level damage
classi cation system for each structural element has been proved to be the most decisive in
bridging traditional visual inspections with automatic methods that are being developed. It
is this synergy that will be instrumental in speeding up and objectivizing post-earthquake
assessments, thereby, at the same time, ensuring enhanced public safety and e cient seismic
emergency management.
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Chapter 3

Computer Vision-Based Damage
Classi cation: An Overview

In this chapter, will be presented a comprehensive overview of computer vision based
methodologies for classifying post-earthquake structural damage from RGB images. The
chapter is structured as follows: after a general introduction to image-based damage
assessment in structural and earthquake engineering in Section 3.1, mentioning conventional
approaches that rely on crack edge-detection and feature extraction combined with classical
machine learning algorithms. Section 3.2 transitions into modern deep learning strategies,
introducing the fundamentals of neural network based approaches for damage classi cation.
Section 3.3 then focuses on the foundation on Deep Neural Network (DNNs), while
Section 3.4 on Convolutional Neural Networks (CNNs), mentioning the architectures most
commonly employed for image classi cation tasks. Section 3.5 brie y describes Transfer
Learning and Data Augmentation techniques used to enhance the training performance
metrics of these models. Building upon that, Section 3.6 and Section 3.7 present a detailed
literature review of studies that have applied CNNs, and more recently, variants and other
state of the art approaches, to the task of structural damage classi cation from RGB images.
This chapter lays the foundation for the subsequent methodology and experimental chapters
focused on leveraging these models in an Italian context aligned with AeDES standards.

3.1 Introduction: Image-based Damage Classi cation in Earth-
guake Engineering

Post-earthquake damage assessment has been conventionally carried out by physical in-
spections performed by quali ed engineers who gather both qualitative and quantitative
information to judge the damage extent. Yet, these manual inspections are usually time-
consuming, subjective, and thus, unscalable in the scenario of large seismic disasters. As a
solution, the structural health monitoring (SHM) community has started to use the computer
vision eld to execute the damage evaluation process automatically. In detail, the procedure
of damage classi cationfrom RGB images can be considered as a supervised image
classi cation problem, where the target is to assign a picture showing a structural element or
facade to one of the discrete damage levels sutindamagedSlight, Moderate or Heavy

This problem does not call for object detection or semantic segmentation but is only a form
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of global image classi cation. Such a classi cation is typically done in accordance with
the likes of AeDES, FEMA306, or EMS-98. Recent works, including the comprehensive
surveys by Azimi et al. [4] and Ferraris et al. [24], outline various traditional and Al-based
methods. Classical computer vision work ows consist of the manual feature extraction (e.g.,
histogram of oriented gradients, SIFT, or wavelets) and the subsequent classi cation of the
extracted features with SVMs or Random Forest, for instance. These techniques frequently
call for domain expertise and are quite vulnerable to the condition of the images. On the
contrary, deep learning (DL) frameworks, most notably Convolutional Neural Networks
(CNNs), have shown outstanding capability in one go developing suitable features directly
from the input images without the need for any user intervention. The models that are built
on the CNN architecture have found a large number of successful applications in di erent
SHM areas such as the detection of the crack, identi cation of corrosion, the inspection of
the disaster after the event [25, 27, 41].

Before the Deep Learning Era, the issue of structural damage classi cation was mainly
tackled using pipelines that merged image preprocessing and manually handcrafted feature
extraction with statistical or machine learning classi ers. Common steps included:

~

Image pre-processing, enhancement and ltering: The main techniques were
grayscale conversion, histogram equalization, edge-preserving ltering, thresholding,
each of which was used to increase visual contrast and reveal the damage pattern.
Other classical techniques were edge and ridge detection lters to highlight linear
damage features, and matched- Iter approaches, in particular, aerial imagery contexts,
to detect cracks with morphological post-processing [57].

Feature extraction: To extract features the following descriptors were used: Gabor
Iters, Local Binary Patterns (LBP), morphological features and gradient-based
representations from the interest areas [114].

Classi cation: The available features were used as an input to classi ers such as
Support Vector Machines (SVM)-Kearest Neighbors ¢{kIN), Decision Trees or
Random Forests wherein the features were assigned a damage severity label.

Template matching: The approach took a small reference image (template) of a
representative damage pattern, such as a crack or a detached patch, and, as it moved
the template across the target image, it calculated similarity metrics (e.g. normalized
cross-correlation) between the two. The areas with the highest similarity to the
template were considered the closest to damage occurrences. The method was e cient
in detecting the distinctive damage pattern under controlled conditions.

Template matching, in particular, was appreciated for its interpretability and low compu-
tational overhead, but its performance su ered signi cantly under variations in damage
orientation, scale, background complexity, and illumination. As such, while these traditional
methods could be e ective in constrained laboratory settings, they generally struggled
to generalize to real-world post-earthquake imagery, where environmental variability and
damage diversity are substantial. These limitations ultimately catalyzed the shift toward
more robust deep learning based approaches [24, 112].

Figure 3.1, taken from [4], depicts a comprehensive overview of the large number of
machine learning algorithms applied in computer vision. The deep learning approaches,
marked in blue, constitute the next chapter of the present work.
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Figure 3.1. Overview map of ML algorithms used in CV applications. Image from [4].

3.2 Deep Learning Methods for Image Classi cation

In deep learning and, to be more speci c, in a structural damage assessment application
after an earthquake, several architectures are available for image classi cation. Below is a
summary of major methods available and considerations:

" Convolutional Neural Networks (CNNs): CNN structures include as one of their
important features the e cient hierarchical extraction of spatial patterns that appear in
the images such as micro-cracks and spalling patterns [54, 35].

Autoencoders (AEs), along with Convolutional Autoencoders (CAESs) one§ hese

are unsupervised learning models aimed at learning concise latent representations of
images. The features which are encoded can be used as input features in combination
with a classi er for downstream supervised classi cation [37, 66].

Vision Transformers (ViTs): The idea behind the transformers is to break down the
images into patches-tokens and use the self-attention mechanism to capture the global
dependencies among the tokens. In this way, the transformers o er a potent alternative
to the standard CNNs [21, 110]. However, ViTs generally require larger annotated
datasets or strong pretraining to match or exceed CNNs, especially in domains with
limited data.

Generative Adversarial Networks (GANs): Though they were mainly proposed

for generative tasks, the use of GANs extends also to semi-supervised learning,
data augmentation, as well as to learning latent representations, which then help
classi cation tasks [31, 87, 113].
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Among CNNSs there are di erent and possible approaches:

Residual and Dense Networks (ResNet, DenseNeRBesNet uses skip-connections
to make the training of very deep models easier [35], while DenseNet links each layer
with the layers that follow to allow feature reuse and gradient propagation [45].

Lightweight Architectures (MobileNet, E cientNet) : These models are designed to

run in resource-constrained environments without losing much accuracy. MobileNet
uses depthwise separable convolutions to reduce the number of parameters [42], while
E cientNet comes up with a compound scaling method for the depth, width, and
resolution [106].

Inception and Xception Models Inception networks use multi-scale convolutions
in the same layer to get more features [104], but Xception makes a better use of the
resources by applying depthwise separable convolutions only [13].

Hybrid Architectures (CNN Transformer) : The combination of these architectures
allows the use of convolutional layers to grab local spatial features and transformers
to get the global self-attention, combining in this way local feature extraction (via
convolutions) with global context modeling (via self-attention). ViT [21] and the
hybrid models like ConViT [16] present the integration as one that not only deepens
the contextual understanding but also retains spatial awareness.

Neural Architecture Search (NAS) Models (e.g., NASNet)Architectures that are
found through neural architecture search (NAS) are one of the reasons to propose
such a system to maximize the performance and e ciency of the algorithm as it is
mentioned in NASNet [115].

In a general categorization of deep learning models, besides the most well-known
convolutional architectures, other innovative deep learning families that appear in the
literature include:

Recurrent Neural Networks (RNNs): The main di erence between RNNs and regular
feedforward networks is the addition of feedback connections that make it possible for
the network to have a memory of past events while it processes sequential data. It
is due to this feature that RNNs are good candidates for time series analysis, speech
recognition, and natural language processing tasks [89, 39].

Capsule Networks: The main idea is to train CapsNets to segment and classify objects
by building feature hierarchies while explicitly modeling the part whole relationships
thus providing the network with improved viewpoint adaptation and a ne invariance
properties [90, 38].

Graph Neural Networks (GNNs): Highly exible models capable of learning from
graph-structured data, GNNs extend the concept of deep learning to inputs that can
naturally be represented as a graph. They allow the acquisition of representations
in domains such as social networks, molecular structures, or structural systems
modeled as graphs (e.g. structural elements connected, meshes, relationships among
components) [97, 52].
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Figure 3.2. Overview of di erent deep learning methodologies, including DNNs, CNNs, autoen-
coders, GANSs, transformers. Image adapted from [112]

To sum up, CNNSs, autoencoders, and ViTs are particularly suitable for the problem of
post-earthquake damage classi cation with RGB images.

Figures 3.1 and 3.2 are two diagrams that broadly show the existence of di erent machine
learning and deep learning models. The gure in the context of image-based structural
damage classi cation informs about the main families of models that are used under the
supervision and control of learning. The power that CNNs have garnered over the years still
positions them as the most referred to architecture for image classi cation in the scienti ¢
community; their success comes from their hierarchical extraction of features that stand
for the spatial arrangement in RGB images of damage. In parallel, deep convolutional
autoencoders (CAEs) are providing unsupervised methods which allow compression of
image data and the encoding of the information into the latent space from which classi cation
or anomaly detection are the possible subsequent uses. Even though the gure does not
name transformer-based architectures, a small but clear and de nite statement addressing
Vision Transformers (ViT) is necessary since they have become one of the most challenging
competitors of CNNs in setting new benchmark results through the implementation of
self-attention mechanisms in modeling image patches as token sequences. Overall, while
CNNs remain the backbone of many state-of-the-art systems in post-earthquake image-based
damage classi cation due to their robustness, lower data requirements, and e cient learning
of local spatial features, emerging architectures like ViTs and hybrid CNN-Transformer
models are proving viable competitors, especially as larger annotated datasets become more
available and computational resources grow. For this reason, benchmarked comparisons
among architectures, considering accuracy, robustness to domain shift, interpretability, cost,
and latency, will determine which architectures are most suitable for real-world deployment
applications.

3.3 Deep Neural Networks (DNNSs)

Before introducing Convolutional Neural Networks (CNNSs), it is useful to brie y recall the
principles of Deep Neural Networks (DNNs), and in particular the Multi-Layer Perceptron
(MLP), since CNNs can be regarded as a specialized extension of this foundational architecture.
Deep Neural Networks (DNNs) represent a broad class of architectures within deep learning,
typically de ned as networks composed of more than three hidden layers [32]. Most DNNs
are based on the Multi-Layer Perceptron (MLP) structure, which is a supervised feedforward
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model. In the MLP model, the information moves from the input layer to the output layer,
passing the hidden layers in between. Every neuron applies a weighted sum to the output
activations from the layer that came before it, and then it applies a non-linear activation
function. This step can be written as:
G
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Figure 3.3. Multi-layer perceptron scheme. Image adapted from [112]

Figure 3.4. Di erent Activation Functions. Image adapted from [112]

The process of training is done by minimizing a loss functiomsing gradient descent.
At the same time, backpropagation carries the error e ciently through the network to update
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the parameters. Although a method like MLP-based DNNs is very useful for tabular and
vectorized data, it fails when it comes to high-dimensional structured data like images. That
is why architectures such as CNNs have been developed.

3.4 Convolutional Neural Networks (CNNSs)

Unlike Multi-Layer Perceptrons (MLPs) that depend on the dense connectivity of fully
connected layers, CNNs utilize local receptive elds via convolutional Iters which signi -
cantly reduce the number of trainable parameters and enhance generalization capabilities
[54]. The process of a simple 2D convolutional layer, with stride = 1 and no padding (valid
convolution), for a single-channel input, is as follows:
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In this equationGstands for the input feature map,* ° is the learnable kernel of the
. -th Iter with the size” # and1™° is the bias term. The output,’ °, now becomes
a feature map that indicates the unique local features like cracks or spalling patterns of
the damaged buildings. Moreover, for further invariance to local translations and lower
computational cost, pooling layers are generally used which introduce such operations as
max- or average-pooling.

These design choices ( lter size, stride, padding, activation, pooling) must be carefully
balanced: smaller Iters and stride improve resolution of local detail (important for ne
damage), while larger receptive elds, pooling, and deeper layers help capture more global
context but risk losing ne structural damage cues. In practice, tuning these hyperparameters
is the way to optimize performance in damage classi cation.

Figure 3.5. A typical scheme of a 2D Convolutional Neural Network. Image adapted from[112]

Figure 3.6. Example of a convolution operation, on the left. Example of and two forms of pooling,
on the right. Image adapted from [112]
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Convolutional neural networks (CNNSs) are capable of hierarchically extracting more
abstract features as they stack multiple convolutional and pooling layers. The process
culminates in the fully connected layers which perform classi cation. Activation functions
(e.g., ReLU) are used to introduce the nonlinear mapping between inputs and outputs, and the
parameters are optimized using gradient descent with backpropagation. This feature learning
hierarchy is the main reason why CNNs are so e ective in the application of structural
health monitoring, a eld where the co-occurrence of global facade damage and local defects
is typical [26]. To sum up, CNNs refer to deep neural networks designed and trained on
data with a spatial structure, such as images. These networks include layers that execute
local convolutions, nonlinear activation functions (ReLU), and pooling operations. Through
this architecture, CNNs can progressively uncover visual features ranging from low-level
characteristics, e.g., edges, to high-level complex structural damage patterns. Moreover,
CNNs have been shown to be very e ective in the structural damage severity classi cation
task when the classi cation is in line with the o cial guidelines, such as the AeDES scale
for the Italian scenario. This result was achieved by applying transfer learning and data
augmentation to deal with the problem of the dataset size [25, 93, 94].

3.5 Transfer Learning and Data Augmentation

One of the most critical challenges in damage classi cation is the scarcity of labeled data.
Transfer Learning (TL) mitigates this limitation by initializing models with weights pretrained
on large datasets such as ImageNet. Fine-tuning is then performed on domain-speci ¢
datasets, leading to improved accuracy and faster convergence [25].

A major limitation in vision-based post-earthquake damage classi cation is the scarcity
and imbalance of labeled data, which hinders the ability of deep networks to generalize
across diverse structural scenarios. Transfer Learning (TL) provides an e ective solution by
exploiting models pretrained on large-scale datasets, such as ImageNet, where millions of
images across thousands of categories are available [79]. The pretrained weights encode
low-level and mid-level visual features (e.g., edges, textures, shapes), which are highly
transferable to structural images. By ne-tuning the nal layers on domain-speci c datasets
(e.g., -Netor INGV-DFM), TL accelerates convergence, improves accuracy, and reduces
the amount of labeled data required [25, 27]. Depending on the application, TL can be
applied as feature extraction keeping most of the pretrained network frozen or as full
ne-tuning, where all layers are adapted to the new task.

Deepening on the number of domain-speci c datasets (e.d\Net or INGV-DFM),
TL can achieve better accuracy, faster convergence, and reduced labeled data requirements
by ne-tuning the last layers only [25, 27]. It is worth mentioning that based on the
application, TL could be done as a mere feature extraction most of the pretrained network
is left untouched or as full ne-tuning, where all the layers are adapted to the new task.
Along with TL, Data Augmentation (DA) methods are trying to enhance the training set
arti cially and introduce larger variability into the training phase, thus reducing over tting
and increasing robustness. Traditionally, the augmentation operations may include horizontal
and vertical ipping, random rotations, scaling, translation, and cropping. Variations in
brightness, contrast, hue, and saturation, which are frequently used to reproduce changes in
illumination and acquisition conditions, are the photometric transformations.

More advanced augmentation methods may inject Gaussian noise, apply blur or sharpen-
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ing lters, or perform perspective distortions, which help simulate real-world imperfections
such as motion blur, occlusions, or partial visibility of damaged elements.

In the classi cation of seismic damage, DA is very important to bring balance to the
categories that have a small number of samples (e.g., moderate damage), thus, ensuring that
CNNs obtain a su ciently diversi ed set of examples. Recent research emphasizes that the
integration of TL with a large-scale DA regime generates state-of-the-art results in building
damage recognition, thus, representing a trustworthy plan for solving the twin problems of
data scarcity and class imbalance [73, 94].

3.6 Review of Damage Classi cation Studies

Vision-based structural damage classi cation has rapidly evolved with the advent of deep
learning, particularly convolutional neural networks (CNNs). The initial studies have already
shown CNNs' potential in implementing the crack detection process, one of the most simple
visual inspection tasks without human aid. For instance, Cha et al. (2017) showed a
CNN-based concrete crack detection method with which they managed to separate the
cracked from the non-cracked surface with high accuracy. [9]. At that time, Gopalakrishnan
et al. (2017) trained CNNSs by transferring the learning graphs for the detection of pavement
distresses, thus, emphasizing the signi cance of the use of pre-trained models in the eld
of civil infrastructure [33]. These CNN-based methods harvested the same hierarchical
features for the structural components as those obtained by human experts and indeed, could
signi cantly enhance the performance of conventional image-processing or handcrafted
feature methods on damage identi cation tasks. Following work not only con rmed the
possibility of identifying cracks as a binary class but also opened the door to more detailed
multiclass damage classi cations and localizations. Spencer et al. (2019) recognized the
limitations of CNN-based techniques and declared that as the main topic of discussion
in their overview of computer vision applications in infrastructure technologies. Pan and
Yang (2019) gave a structural element damaged severity quanti cation algorithm besides an
object-detection algorithm that could even estimate the repair costs. Hoskere et al. (2018)
[41] has crafted a multiscale CNN which brought together the bene ts of a classi er and a
segmenter (both based on the ResNet and VGG architectures) for automating post-earthquake
building inspections [41]. In a similar vein, Hong et al. (2019) leveraged deep CNN
techniques for processing of the post-disaster aerial survey, successfully accomplishing the
task of damaged building identi cation from the drone or satellite images. Liang et al.
(2019) [56] presented the failure classi cation at the system level utilizing a pre-trained
VGG16 CNN, along with a Faster R-CNN for detection at the component level and a fully
convolutional network (FCN) for pixel-wise segmentation. This multi-tiered approach
demonstrated the potential of deep learning in simultaneously tackling di erent scales of the
damage detection problem. A key challenge for training deep models in structural health
monitoring (SHM) has been the limited availability of labeled damage images. Gao and
Mosalam tackled this with two in uential contributions. First, they showed that deep transfer
learning could signi cantly improve image-based damage recognition when data are scarce
[25]. After that, Gao and Mosalam (2020) developed the PEER Hub ImageNset or
Phi-Net), an annotated benchmark dataset of photographs of structures with multi-attribute
labels to foster automated visual recognition research [26\et released images depicting

the development of damage under various scenarios, materials used, and situations, thus
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enabling the researchers to have access to a standardized data resource which is very vital
for them. Azimi et al. (2020) carried out a comprehensive review of the application of
deep learning in SHM, that involved both vibration-based methods and vision-based damage
detection [4]. As far as images are concerned, it was found that most of the research works
were based on the explanation of the surface of the materials with the help of small cracks.
These works usually employ simple image processing techniques as a starting point and then
move in the direction of the end-to-end CNN solutions. Azimi et al. observed that design of
CNN-based methods were not limited to the three types of damage represented in this study:
besides cracks in concrete and pavements, corrosion detection, spalling detection and bolt
loosening detection have also joined the eld of research. Several researchers have come up
with new CNN architectures that are designed to match the features of the new infrastructure
inspection research problems. For example, Fan et al. built a multi-label CNN for identifying
and quantifying the physical properties of cracks, while Liu et al. created FPCNet for the
on-the-spot crack detection. E orts have been made to augment the traditional visible
light-based detection system with the use of infrared. One way is the deployment of attention-
based U-Net architectures for object extraction and another is the image fusion of visible and
infrared. Ferraris et al. (2023) gathered a comprehensive overview of the recent applications
of vision-based structural health monitoring (SHM) [24]. Their last table summarizes more
than 200 publications, disclosing that a sizable portion of deep learning-based SHM studies
considers relatively simple classi cation tasks. Correspondingly, there were signi cantly
fewer research works that dealt with multi-class classi cation due to the increased complexity
and data requirements. Ferraris et al. furthermore observed the predominance of accuracy
as the main evaluation metric, as well as the general trend in the employment of transfer
learning utilizing pre-trained models such as VGG, ResNet, and the like. Transformer-based
models have just recently appeared on the stage. Gao et al. (2023) have come up with a
Multiattribute Multitask Transformer (MAM?) that integrates classi cation, localization,
and segmentation [28], and on theNet dataset, it achieves better results than the rollover
traditional CNN pipeline. To sum up, the damage classi cation employing CNN as a base
has turned into one of the fundamental pillars of today's SHM, thus making inspections
much quicker and less subjective. The very rst studies were concentrated on the binary
crack detection but now the eld has progressed to the level of complex multi-task models
even including transformer-based ones. The emergence of standardized datasets such as

-Net and the acknowledgment of this trend by the comprehensive reviews of Azimi et
al. (2020) and Ferraris et al. (2023) are clear indications that the use of deep learning in
vision-based SHM is the future [24, 4].

Indeed, these contributions underpin the growing consensus that CNNs are the rst-

choice tools for rapid and scalable image-based structural damage classi cation, especially
when combined with high-quality datasets and domain-speci ¢ ne-tuning.

3.7 CNN Architectures Used in Damage Assessment and Con-
cluding Insights

Below are some CNN architectures that are commonly adopted for classifying damage in
after earthquake images.

" AlexNet: It was one of the rst deep CNNs that made a breakthrough, it is compatible
with small datasets though it has a depth and feature richness limitation.
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GoogLeNet (Inception): Has multi-scale convolutional Iters that can be used
in di erent layers. It is energy-e cient and lightweight, particularly for a mobile
application.

VGG16, VGG19: These are admirable due to the clarity and homogeneity of their
architecture with usage of stack8d 3 convolutions. Most of the time, they are
engaged as the main source of features in transfer learning application.

ResNet50/101: The residual connections concept is used here in order to make
training of very deep networks smoother. It is on top of the performance charts in
many classi cation tasks.

DenseNet201:Each layer is connected with all the other layers to create a deeper
network that ensures more e cient feature propagation and uses fewer parameters.

XceptionNet: With separable convolution for each layer in the depth dimension as
the core concept, this network is very capable yet it is computationally only a fraction
of the full original network.

MobileNet (V1, V2, V3): Designed for mobile and edge devices, MobileNet uses
depthwise separable convolutions (and in later versions inverted residuals / linear
bottlenecks) to reduce the number of parameters and computational cost, trading o a
small amount of accuracy for large gains in e ciency.

E cientNet (e.g. E cientNet-BO ... B7): Introduces a compound scaling method,
simultaneously scaling width, depth, and resolution of the network in a principled way,
to reach state-of-the-art accuracy with fewer computational resources compared to
many earlier architectures.

In summary, CNNs have become the foundation for modern approaches to damage
classi cation from RGB imagery. While traditional ML methods remain useful for constrained
problems, deep CNNs o er a exible and powerful solution that can generalize across
building types and image conditions. However, performance remains dependent on dataset
quality, class balance, and the e ective use of transfer learning.
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Table 3.1. Deep Learning applications using CNNs for structural health monitoring problems.

Model Application Related works

VGG16, VGG19 Crack detection [25], [26], [41], [72]
Corrosion detection
Steel damage condition assessment
Post-earthquake damage assessment

AlexNet Concrete crack detection [4], [51], [111]
Damage classi cation for masonry struc-
tures
Post-disaster inspection
GoogLeNet Crack detection [4], [111]

Post-disaster inspection
Inspection for bridges

ResNet (20, Crack detection [25], [26], [41], [72],
[80]
50, 101, 152) Structural inspection
Building damage classi cation
MobileNet Building damage classi cation [4],[72]
Road damage detection
InceptionNet Crack detection [41,[72]

Masonry building damage classi cation

DenseNet Post-earthquake aerial damage assessmga0]

XceptionNet Damage classi cation [72]
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Chapter 4

Image Datasets for Post-Earthquake
Building Damage

In post-earthquake scenarios, large collections of labeled images are useful for developing
and testing computer vision models that can recognize structural damage. This chapter
reviews several important image datasets speci cally compiled for post-earthquake building
damage assessment or similar tasks. Both international and Italian initiatives in this domain
will be discussed.Section 4.lintroduces the PEER Hub ImageNet-Net) dataset, a
pioneering large-scale structural image database developed at UC Befkettipn 4.2
presents the INGV Macroseismic Photographic Database (DFM), an Italian archive of
earthquake damage phot&ection 4.3highlights the recent IDEA dataset (Image Database

for Earthquake Damage Annotation) created by EUCENTRE in Italy, which provides a new
repository of annotated damage imag&ction 4.4highlights additional and ancillary

data sources, e.g., the Italian Network of University Laboratories for Seismic Engineering
(ReLUIS), the italian DaDO and IRMA Platforms and others. In the Swktion 4.5
describes the new dataset compiled for this research, which merges and re nes data from
some of the above sources to better suit our study's needs in the next chapter of the thesis.
Each section will detail the dataset's origin, content, and relevance, laying the groundwork
for the use of these images in training deep learning models.

Beyond these, other structural health monitoring (SHM) datasets, especially those
oriented towards vibration-based damage detection, damage localization in bridges, or
long-term infrastructure monitoring, also exist. For a comprehensive overview of such
datasets and data-driven deep learning approaches in SHM, see the state-of-the-art review
by Azimi, Dadras Eslamlou and Pekcan [4]. This review by Azimi catalogs many important
datasets employed in vision-based and vibration-based structural monitoring, including crack
detection datasets, time-series sensor logs, UAV-derived images, and digital twin testbeds.

However, in this thesis the focus is speci cally on datasets that meet the following
criteria:

" They arepublicly available or open source ensuring reproducibility and accessibility;

" They containpost-earthquake building damage imagesrather than laboratory
simulations or non-destructive test artifacts;

" They align with our objective oflamage severity classi cation particularly in the
style of AeDES-like labeling (slight, moderate, heavy).
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Therefore, although numerous SHM datasets exist in the broader literature, our discussion
is restricted to the most relevant image repositories that satisfy the above conditions and are
widely recognized in post-earthquake damage assessment research.

4.1 PEER Hub ImageNet ( -Net) Dataset

One of the rst large-scale endeavors to create a structural damage image database is the
PEER Hub ImageNet, commonly abbreviated adlet ( -Net), guided by the Pacic
Earthquake Engineering Research Center (PEER) at the University of California, Berkeley.
PEER is a leading earthquake engineering research consortium, and it recognized the need
for big data in vision-based structural health monitoring.

The development of the-Net dataset by Gao and Mosalam is grounded in a series of
prior e orts in post-earthquake damage documentation, structural performance assessment,
and computer vision based inspection of civil infrastructure. In fact, their work builds upon
eld observations from major seismic events [99, 55], the integration of laser scanning
in structural surveys [70], and recent advances in deep learning for structural damage
recognition [25]. Actually, one of the major reasons for the creation of tmet dataset,
which goes beyond the objectives of the paper, is the need acknowledged in the whole
research eld represented by the references for dependable visually annotated benchmarks
to serve as a basis for the classi cation of damages by automated methods. Such studies
not only provided the inspiration for creating theNet dataset but also the extent and its
purpose, which is mainly to o er a common and complete repository of images to facilitate
the training of deep learning models and their benchmarking in the eld of earthquake
engineering applications [26].

Summarizing, before -Net, progress in automated post-disaster damage recognition
was hampered by two key issues:

" the lack of a general automated detection framework based on structural domain
knowledge;

" the lack of benchmark datasets with large amounts of well-labeled structural im-
ages[25].

To cover these missing points, Gao and Mosalam (2019) [26] develogeet as an
open-source repository of structural images that aim to facilitate the use of machine learning
and deep learning techniques for damage assessment.

4.1.1 Dataset Scope and Size

The rst edition of the PEER Hub ImageNet brought together about 36,413 images of civil
infrastructure and buildings, each annotated with several attributes describing the earthquake
damage and structural characteristics, as the dataset scope and size were concerned. Itis,
thus, an open dataset of structural images with the largest number of such to date, and the
decision to make it publicly accessible was made to promote research collaboration. Initially,
the dataset was divided into eight subsets (one for each classi cation task de ned by the
authors) and made available for non-commercial use only. Researchers can access these
image sets (i.e., pre-packaged as tensors for convenience) and download them without any
restrictions from the PEER Hub ImageNet website [29]. This accessibility makdst
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an important reference dataset for training and testing computer vision models in structural
engineering. One of the characteristics that distinguiget is its multi-attribute labeling
framework that deals with damage recognition as a hierarchical tree of classi cation tasks.

Figure 4.1. Scheme of classi cation task hierarchical tree fonet dataset. Image from [29].

Drawing from past earthquake reconnaissance experience, Gao and Mosalam de ned
eight benchmark classi cation tasks that an image can be labeled with, covering various
aspects of the scene, damage, and structural components. In summarp#t@nnotations
include: Scene Scale Classi cation: Whether an image is taken at the pixel level, object
(component) level, or structural (building) level.

This is the main di erence between close-up detail images and those showing the general
structure of a building.

~

Damage Presence (Damage Check): A binary label indicating if the structure or
component in the image is damaged or undamaged.

Spalling Condition: A binary label for material loss, distinguishing images with no
spalling versus those showing spalling (concrete cover peeling).

Material Type: A binary category indicating the primary material, typically steel
versus other (e.g., concrete or masonry).

Collapse Level: A three-class classi cation of collapse status no collapse, partial
collapse, or full collapse of the structure or component in the image.

Component Type: A four-class classi cation identifying the structural component
shown, e.g., beam, column, wall, or other structural element.



4.1 PEER Hub ImageNet ( -Net) Dataset 39

" Damage Severity Level: A four-class scale for the extent of damage typically none,
slight/minor, moderate, or heavy damage in the element/structure.

" Damage Mechanism Type: A four-class category describing the failure mode, e.g., no
damage, exural damage, shear damage, or combined (complex) damage.

Every -Netimage is linked to multiple textual descriptors (one label maybe present in
each of the aforementioned categories wherever applicable) making it a multi-label dataset,
with variety of classifcation tasks. An image, for instance, may have labels such as a
"structural-level" picture, "damaged" concrete building, "partial collapse", and that the "wall"

is the damaged component with "heavy" shear damage as the damage mechanism. The
mechanism of hierarchical labeling that the automated algorithm can move through the tree
of classi cations to nd out all the properties of a particular image. The company focused

on a structured approach that took inspiration from the success of the ImageNet challenge
hierarchy in computer vision, but speci cally designed for structural engineering needs.

Figure 4.2. Example of images for Damage Severity Level classi cation task. Images extracted from
the -netdataset[93]

Notably, -Net was the rst open dataset in this domain to provide such rich, multi-
attribute labels at scale, establishing a benchmark for vision-based structural health monitoring
research.

4.1.2 Image Sources and Collection

Compiling over 36,000 images of earthquake damage required aggregating data from many
sources. The -Net collection is truly diverse in origin. A signi cant portion of images
were gathered from online search engines and digital libraries.

To begin with, developers extracted photos available publicly online that depicted
structural damage as the main source of data. For instance, they used Google Images and
Baidu Images (the latter to ensure coverage of non-English, especially East Asian, sources)
to get diverse post-earthquake pictures. On top of thdtlet took advantage of image
archives in the eld of earthquake engineering that were already there like NISEE, the
National Information Service for Earthquake Engineering e-library hosted at UC Berkeley,
which has the earthquake reconnaissance photos collection from the past. Moreover, other
such research repositories, for example, NEEShub (Network for Earthquake Engineering
Simulation), and EERI's collections, were also merged. PEER has brought photos taken
by its own teams during eld surveys, online databases, and web searches together to have
a PHI dataset that is representative of di erent kinds of buildings damaged due to various
earthquakes to that extent. In addition, PEER implemented a community-driven strategy to
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broaden the dataset. It arranged the PHI Challenge, which is a structural damage location
competition using images, back in 2018. The training set of images freet along

with the labels were given to the contestants; they were also allowed to upload their images
and create models for damage detection. Thus, the competition heightened the interest of
algorithmic developers and at the same time, jars more image data out of the crowd. This
not only spurred algorithmic development but also crowdsourced more image data. The
Call for uploading images as part of the PHI Challenge invited engineers and researchers
worldwide to contribute their post-earthquake photos to the growing repository. Through
such e orts, -Net became an extensive collaborative dataset, with images drawn from
earthquakes around the globe (e.g., 1999 Kocaeli, 2008 Wenchuan, 2010 Chile, 2011 Japan,
etc., as indicated by its references) and a variety of structural materials and damage patterns.

Table 4.1. Number of images by damage level.

Set No Damage Minor Moderate Heavy Total

Training 1551 869 799 919 4138
Test 207 93 104 94 498
Total 1758 962 903 1013 4636

4.1.3 Use and Limitations

The -Net dataset has been the basis of all the recent researches on the automation of the
categorization of the destruction. These are the main results of the experiments conducted
by Gao and Mosalam. They con rm the applicability of deep learning models (e.g., ResNet
and VGG) to the kinds of problems in-Net, thus bringing about the accuracy encouraging
for such types of issues as crack detection and identifying the component. Nevertheless,
there are some restrictions related teNet, which limited its adoption. To begin with,
although it comprises a large number of images, the labeling was a colossal task mainly
performed by the research assistants and volunteers who may have their own interpretations
of the labeling criteria. For example, the damage severity labels may not be a stringent
embodiment of engineering based post-earthquake assessment scales as they were de ned
vaguely (none/minor/moderate/heavy) with an implicitly de ned FEMA scale standard.
Secondly, the pictures of-Net vary from the very small details of the cracks to the whole
frame of a collapsed building, which is great for the dataset's diversity but can be a problem
when a model is being prepared only for few particular tasks (for example: a safety level
evaluation of the building). Because of that, there could be many images that are not
directly addressing that speci ¢ question. To put it simply, if someone uses the raw PHI
data for a focused classi cation problem, then task ambiguity and class imbalance could
be the issues. The last thing is that not all images in PHI are in high resolution or solely
focused on structural damage (some include surrounding context or non-damage scenarios
for completeness), so it means that a model may still require the careful selection of this
data. In spite of the di culties, -Net is still a landmark dataset and a very valuable starting
point for large training set creation in this domain.

Its creation has undoubtedly spurred further data collection e orts with newer datasets
like INGV's DFM and the IDEA dataset. Further examples and detailed discussions regarding
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Figure 4.3. Example of images for Damage Severity Level classi cation task. Images extracted from
the -netdataset. (a) minor damage, (b) moderate damage, and (c) heavy damage. Image from
[26]
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Table 4.2. Summary of the -Net Dataset Characteristics.

Aspect Description

Origin Developed by Gao and Mosalam at the University of California, Berkeley,
as part of the PEER (Paci c Earthquake Engineering Research) initiative
[26].

Content Comprises over 2,600 RGB images of post-earthquake building damage,

collected from sources such as NISEE, NEEShub, EERI, Google Images,
and reconnaissance archives.
Annotation  Images are labeled using a multi-attribute framework including structural
type (e.g., RC, masonry), damage severity, material, and function.
Relevance  First large-scale, multi-label, real-world dataset for training and bench-
marking computer vision models in post-earthquake damage assessment.
Usage Widely adopted as a benchmark for classi cation tasks using CNNs and
other deep learning architectures due to its diversity and open accessibility.

the limitations of this dataset will be provided in the subsection Section 4.5.1, which serves
as a foundational basis for the development of the new dataset introduced in this research.
The new dataset was speci cally designed to address and overcome several of the critical
issues identi ed.

4.2 INGV Macroseismic Photographic Database (DFM)

Though -Net furnishes an extensive, global array of pictures, Italy has cassempbled its
own all-inclusive photographic database with the aim of documenting the disaster caused by
the earthquake. The Istituto Nazionale di Geo sica e Vulcanologia (INGV), Italy's National
Institute of Geophysics and Volcanology, has developed the Macroseismic Photographic
Database (Database Fotogra co Macrosismico, DFM) to set up a centralized repository of
post-earthquake damage photographs. INGV preserves the DFM archive that is accessible
through the DFM platform at the website dfm.ingv.it [48]. INGV is the rst and foremost
scienti ¢ research institute in Italy that keeps a watch on seismic activities and is in charge
of the post-earthquake scienti ¢ studies. For a period of several years, in the process of
repeatedly dealing with the consequences of earthquakes in Italy, INGV researchers have
gathered an extensive number of eld photos of damages to buildings and infrastructure.
DFM was initiated as a method of both scientists and general public having an access to that
visual encyclopedia of pictures. The rst part of the text will explain the background, the
need, and the purpose of this project. It was in late 2023 that the DFM was introduced as an
open and accessible web platform for the seismic image heritage of Italy. The database is
available on a dedicate website [48], which allows users to view the photographs according
to the earthquake event, location, or the type of damage. The DFM project is a source of
motivation for the scienti ¢ as well as for the educational aspects behind it; it is one of the
very few records available of the earthquake impacts, while on the other hand, it is also an
extremely valuable dataset for research in the area of damage analysis. INGV's QUEST team
(Quick Earthquake Survey Team), a specialized group of seismologists and engineers who
perform rapid post-earthquake surveys, is responsible for collecting most of these images
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during their eld missions. The database therefore represents the result of years of systematic
post-earthquake surveys conducted by expert teams across Italy. In addition, there are also
some pictures depicting the e ects of earthquakes in Italy dating back to the late 1970s,
which means that the visual recording of the earthquake e ects by the Italian scientists has
been going on for quite a time.

"~ Contribution and Arrangement: Currently, the INGV DFM is a multimodal image
collection of over 1,000 plus pictures from various historical earthquakes in Italy
and is constantly updated with new data from current events. These ground truth
data include such historical earthquakes as the 1976 Friuli earthquake, 1980 Irpinia,
1997 Umbria-Marche, 2009 LAquila, 2016 Central Italy (Amatrice/Norcia), and a
few others for which seismological teams of INGV have done damage surveys. The
photographs show various damage scenarios: for example, masonry buildings that
have collapsed or cracked, reinforced concrete frame structures in which the failure of
the supporting columns occurs, historical monuments with cracks or partial collapses
besides the environmental e ects like landslides or ground cracks. The distinguishing
feature of the DFM is the very detailed categorization conducted according to the
macroseismic intensity. All the pictures stored in the database are identi ed with
references to an intensity judgment in the framework of the European Macroseismic
Scale (EMS-98). The EMS-98 scale is a European scale that is employed to rate the
severity of an earthquake qualitatively (from | to Xll) on the basis of the damage
caused and people's perception. The DFM, by assigning each picture an intensity level
of the EMS-98 scale (or range), gives a scienti ¢ context for the observed damage. For
instance, a photo of the collapse of thick walls can be characterized by intensity VIII or
IX (heavy damage), whereas images showing hairline cracks in walls can be related to
intensity V or VI (light damage). This solution was intentionally picked for a purpose
to keep the archive accessible not only to the specialists (who can assess the intensity
levels) but also to non-experts who can receive a clear and standardized presentation of
damage severity with each photo. Essentially, DFM links every picture to a quantitative
damage metric (macroseismic intensity) that is very valuable when one wants to train
machine learning models which goal is to estimate the intensity or damage grades
just by looking at the pictures. Besides, DFM's adoption of EMS-98 ensures also
compatibility with both Italian and European earthquake engineering practices as
macroseismic intensity continues to be the most suitable way of communication in the

eld of seismic impacts. For example, scientists working with the DFM could select
images by intensity level to nd appropriate training data for a classi er that recognizes
intensity from pictures. Furthermore, the DFM is not only organized event-wise but
also geographically, thereby enabling studies that establish the relationship between
damage patterns and seismic parameters or construction types. All the images have
accompanying metadata like the date and the location of the earthquake, and usually,
a description of the damage observed.

Access and Importance The DFM platform is publicly accessible and is meant as a
long-term archive. INGV, by making these images openly available, hopes both to
preserve the photographic heritage of Italy's seismic history and to encourage research
in earthquake engineering and risk mitigation. The project is one of the many bene ts
of visual data in the training of new post-earthquake analysis and automated tools. We,
on the other hand, can take advantage of the DFM as a source of numerous and diverse
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