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Abstract

This paper proposes an innovative data-driven vulnerability model for the classification of the existing residential building stock,
by clustering observational damage data gathered after the 2009 L’ Aquila earthquake. The proposed model preserves the conceptual
framework at the basis of the macroseismic approach, which allows for a thorough vulnerability classification of the built
environment by resorting to vulnerability classes and by accounting for the uncertain association of building typologies to
vulnerability classes. Novel aspects of this study are the adoption of peak ground acceleration for the ground motion
characterisation, which allows for overcoming possible limitations related to the use of macroseismic intensity, and the use of
unsupervised machine learning techniques for removing subjectivity in the definition of vulnerability classes. A probabilistic
framework is then set up allowing for the attribution of a given building typology to multiple vulnerability classes, based on an ad-
hoc strategy, involving the use of probability theory and using empirically-derived typological fragility functions as a target. The
use of a detailed post-earthquake survey form also allows for an improved definition of building types representative of the Italian
building stock.
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1. Introduction

Besides fragility functions, which provide the expected distribution of damage in the different damage states as a
function of the experienced ground shaking, an exhaustive vulnerability model should also supply indications on the
vulnerability classification of the existing building stock. In this context, macroseismic approaches (e.g. Lagomarsino
and Giovinazzi 2006; Bernardini et al. 2011) allow for a thorough classification of the seismic vulnerability of the
built environment, by resorting to the six vulnerability classes of the EMS98 (Griinthal et al. 1998) and considering
the uncertain association of building types to vulnerability classes. In spite of their mathematical refinement and
methodological consistency, application of macroseismic approaches for seismic vulnerability and risk applications
(e.g. da Porto et al. 2021; Dolce et al. 2021) requires approximate and uncertain laws for correlating macroseismic
intensity values and peak ground motion parameters (e.g. Bernardini et al. 2011). Seismic input is indeed defined in
terms of macroseismic intensity, which is a descriptive parameter affected by the characteristics, and therefore by the
vulnerability, of the built environment.

In accordance with the conceptual framework of the macroseismic method (Lagomarsino and Giovinazzi 2006),
this paper proposes an innovative model for the seismic vulnerability classification of the existing building stock,
based on a data driven approach. Differently from macroseismic approaches, the peak ground acceleration is employed
for characterizing the ground motion severity at the sites of damage observations. Seismic damages detected on Italian
residential buildings hit by the 2009 L’ Aquila earthquake are clustered via unsupervised machine learning techniques,
allowing for the objective identification of vulnerability classes. An ad-hoc strategy, resorting to probability theory
and using empirically-derived typological fragility curves as a target, is specifically built up to account for the
uncertain attribution of building types to vulnerability classes.

2. Processing of the post-earthquake damage database

The proposed vulnerability model relies on statistical processing and clustering of Italian post-ecarthquake damage
data available from the Da.D.O. web-gis platform (Dolce et al. 2019). Selection of the L’Aquila post-earthquake
database is motivated by the significant number of inspected buildings and of municipalities completely-surveyed,
identified by a completeness ratio (i.e. ratio of the number of surveyed buildings and the total number of residential
buildings evaluated from national census data, ISTAT 2001) exceeding 90% (Rosti et al. 2021a, b). Furthermore, use
of the L’ Aquila damage database allows for suitably characterizing the negative evidence of damage in the territories
less affected by the earthquake shaking, permitting to avoid bias in the subsequent fragility assessment. Following
these operations, the post-earthquake dataset collects damage data of 37°406 residential buildings, then integrated by
197°528 undamaged buildings sited in the Abruzzi non-surveyed and partially-surveyed (with completeness ratio
lower than 10%) municipalities (Rosti et al. 2022).

2.1. Adopted building taxonomy

Residential buildings are allocated to 42 building typologies, identified based on the main building attributes
retrievable from the post-earthquake survey form. Typological classification of RC buildings accounts for both the
level of seismic design (i.e. buildings with seismic design pre- and post-1981) and number of stories (i.e. 1, 2, 3, 4 and
> 5 stories). Masonry buildings are classified based on the number of stories (i.e. 1, 2, 3 and > 4 stories), quality and
layout of the masonry fabric (i.e. IRR: irregular layout or poor-quality; REG: regular layout and good-quality), in-
plane stiffness of intermediate diaphragms (i.e. F: flexible; R: rigid) and presence (or lack) of connecting devices, such
as tie-rods and/or tie-beams (i.e. CD: with connecting devices; NCD: without connecting devices). The considerable
level of detail of the adopted typological classification system aims at identifying possible similarities or differences
in the empirical seismic vulnerability of the exposed building stock, driven by the presence/lack of specific
constructive details. Fig. 1 depicts the typological classification of the residential building stock, in terms of
construction material (a), masonry type (b) and number of stories (c, d), with reference to the L’ Aquila completely-
surveyed municipalities.
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2.2. Definition of seismic input

In line with the objective of the study, seismic input is represented by the peak ground acceleration (PGA) (e.g.
Rosti et al. 2020a), extrapolated from the recently released INGV ShakeMap (Michelini et al. 2020), accounting for
latest ground motion models, an updated Vsso map for local site effects and the latest USGS-ShakeMap version 4 (v.4)

software (Worden et al. 2020).

2.3. Damage classification

Discrete damage states are defined in accordance with the EMS-98 (Griinthal et al. 1998), by using existing
literature damage rules for suitably converting information on structural (Rota et al. 2008) and non-structural (Del
Gaudio et al. 2017) damage available from the post-earthquake survey form. After evaluating damage on individual
building components, a global level of damage is associated with each building, based on the maximum level of
damage (e.g. Rota et al. 2008; Del Gaudio et al. 2017; Rosti et al. 2018). Damage classification of masonry and RC
buildings is depicted in Fig. 1 (e) and (f), respectively, with reference to completely-surveyed municipalities.
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Fig. 1. Typological classification of the residential building stock for L’ Aquila completely-surveyed municipalities (Rosti et al. 2022): (a)
construction material; (b) masonry type; subdivision of (¢c) masonry and (d) RC buildings based on the number of stories. Damage distribution of
(e) masonry and (f) RC buildings.

2.4. Seismic fragility assessment

Fragility curves are derived for predefined building typologies by fitting a suitable statistical model on observational
data points. In line with existing studies (e.g. loannou et al. 2021; Rosti et al. 2021a, b), the multinomial distribution
is employed for approximating the repartition of buildings in the different damage states, given the ground motion
severity. The probability of exceedance of a given level of damage, as a function of the ground shaking, is described
by the cumulative lognormal distribution (e.g. Rota et al. 2008; Del Gaudio et al. 2017; Ader et al. 2020; Rosti et al.
2020b). Fragility functions are simultaneously fitted on all damage levels and building typologies via the maximum
likelihood estimate (MLE) approach, by enforcing a common dispersion value (e.g. Karababa and Pomonis 2011;

Ader et al. 2020; Rosti et al. 2021a, b).
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Probabilities of occurrence of the different damage states, resulting from the corresponding typological fragility
functions, are then combined to get the mean level of damage, up, as a function of the ground motion severity (e.g.
Braga et al. 1982; Lagomarsino and Giovinazzi 2006). The reader is addressed to Rosti et al. (2022) for details on the
adopted statistical model and fitting technique and for collection of the parameters of resulting typological fragility
curves.

3. Identification of vulnerability classes by clustering of observational damage data

Vulnerability classes are identified by applying unsupervised machine learning techniques, overcoming possible
subjectivity in the attribution of some choices. Empirically-derived mean damage data are allocated to multiple clusters
(i.e. the vulnerability classes) with different membership degree by fuzzy c-means (FCM) clustering (Bezdek 1981).
In line with the EMS-98, six vulnerability classes of decreasing vulnerability (from A to F) are considered. Depending
on the construction material (i.e. masonry and RC), vulnerability classes are then split into two subgroups, to account
for the different distance among damage levels observed in the typological fragility curves. Six vulnerability classes
(i.e. A1, B1, C1, D1, El, F1) are defined in case of masonry, whereas four out of six vulnerability classes (i.e. C2, D2,
E2, F2) are considered in case of RC buildings, for which higher vulnerability classes (i.e. classes A2 and B2) lack.
Following the implementation of FCM clustering, empirical mean damage data points are attributed to the most likely
vulnerability class and to the other vulnerability classes with different membership degree. Sets of lognormal fragility
curves are derived for each vulnerability class (Fig. 2). Details on the adopted statistical procedure and parameters of
the cumulative lognormal fragility curves of vulnerability classes can be found in Rosti et al. (2022).
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Fig. 2. Fragility functions of the vulnerability classes identified based on FCM clustering of observational mean damage values of masonry

(subscript 1) and RC (subscript 2) building typologies (Rosti et al. 2022).
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4. Vulnerability classification of the exposed building stock

Predefined building typologies are mapped to multiple vulnerability classes, allowing for a thorough vulnerability
classification of the exposed building stock. The fragility curves of the vulnerability classes are linearly combined by
means of the wjx coefficients, representing the degrees of belonging of the j building typology to the k" vulnerability
class. The trend of the wj coefficients is approximated by the binomial model, with the advantage of describing the
entire wyx distribution by a single parameter (e.g. Rota and Rosti 2017; Rosti and Rota 2017). Two binomial
distributions, one for “masonry” and the other one for “RC” vulnerability classes, are specifically defined and jointly
used. Each binomial distribution is suitably scaled to account for the different weight that it takes in the global wy
distribution. Based on this strategy, the fragility curve of damage level DS; of the j* building typology can be
approximated as:
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where cmas 1s the scaling coefficient accounting for the weight that the “masonry” binomial distribution assumes in
the global wj« distribution, ymas and yrc are the binomial parameters of the “masonry” and “RC” binomial distributions,
kmas varies from 0 (F1) to 5 (A1), whereas krc ranges from 0 (F2) to 3 (C2).

The global deviation between the sets of approximating and target typological fragility functions is then minimized
to obtain optimal values of the unknowns (i.€. ymas, yrc and cmas).

Fig. 3 shows the outcome of the abovementioned procedure, with specific application to RC building types.
Comparison of approximating (continuous lines) and target (dashed lines) fragility functions demonstrates the
suitability of the adopted strategy. Results show that the evolution of building code enhances the seismic response of
RC buildings. RC buildings seismically-designed based on obsolete (pre-1981) seismic provisions are indeed more
vulnerable than the corresponding ones seismically-designed after 1981. Given the design level, impact of the building
height on the seismic vulnerability of RC buildings is also significant. This finding prompts the need and relevance of
accounting for number of stories in the seismic vulnerability classification of existing buildings. The reader is
addressed to Rosti et al. (2022) for further details on the adopted strategy and for collection of the parameters (i.e. Yimas,
vre and cmas) necessary for modelling the uncertain attribution of each building type to vulnerability classes.

Analogously to the EMS-98, implementation of the proposed methodological framework to all predefined building
types results in a vulnerability table (Fig. 4), enabling the vulnerability classification of the existing building stock
based on essential building attributes. In the figure, black and white squared markers indicate the weighted mean
“masonry” and “RC” vulnerability class, respectively, fully characterizing the uncertain distribution of building types
to vulnerability classes. Grey and white bars respectively indicate the fraction of “masonry” and “RC” binomial
distributions to be considered in the entire distribution of the membership degrees.
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Fig. 3. Degrees of belonging of RC building types to vulnerability classes (Rosti et al. 2022).
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Fig. 4. Proposed vulnerability table for masonry and RC building types (Rosti et al. 2022).
5. Conclusions

This study proposes an exhaustive vulnerability model for the classification of the existing residential building
stock, by clustering observed seismic damages detected in the aftermath of the 2009 L’Aquila seismic event. The
proposed model allows for describing the seismic vulnerability of existing buildings by empirical fragility curves
defined for vulnerability classes and for classifying the vulnerability of the exposed building stock by selected building
attributes (e.g. vertical and horizontal structures, number of stories, structural details and design level). Original
contributions of this work are the adoption of unsupervised machine learning techniques for the objective identification
of vulnerability classes and the use of the peak ground acceleration for seismic input characterization. An ad-hoc
procedure, grounding on probability theory and targeting empirical typological fragility functions, is developed for
modelling the uncertain attribution of building types to vulnerability classes. For each building type, the weighted
mean vulnerability class is provided, under the assumption of binomial distribution. In line with the EMS-98, a
vulnerability table provides a synthetic representation of the seismic vulnerability of buildings, identified based on
selected structural attributes. In this context, the availability of a robust post-earthquake database (Dolce et al. 2019),
gathering both damage and typological information, allows for an improved definition of building typologies
representative of the Italian built environment.
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